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ABSTRACT 

Forest fire is a keystone ecological process in coniferous forests of southwestern 

North America. This dissertation examines a fire regime in the Jemez Mountains of 

northern New Mexico, USA, based on an original data set collected from Monument 

Canyon Research Natural Area (MCN). 

First, I examine scale dependence in the fire regime. Statistical descriptors of the 

fire regime, such as fire frequency and mean fire interval, are scale-dependent. I describe 

the theory of the event-area (EA) relationship, analogous to the species-area relationship, 

for events distributed in space and time; the interval-area (lA) relationship, is a related 

form for fire intervals. The EA and lA also allow estimation of the annual fire frame 

(AFF), the area within which fire occurs annually on average. The slope of the EA is a 

metric of spatio-temporal synchrony of events across multiple spatial scales. 

The second chapter concerns the temporal distribution of fire events. I outline a 

theory of fire interval probability from first principles in fire ecology and statistics. Fires 

are conditional events resulting from interaction of multiple contingent factors that must 

be satisfied for an event to occur. Outcomes of this kind represent a multiplicative 

process for which a lognormal model is the limiting distribution. I examine the 

application of this framework to two probability models, the Weibull and lognormal 

distributions, which can be used to characterize the distribution of fire intervals over 

time. 

The final chapter addresses the theory and effects of sample size in fire history. 

Analytical methods (including composite fire records) are used in fire history to minimize 
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error in inference. I describe a theory of the collector's curve based on accumulation of 

sets of discrete events and the probability of recording a fire as a function of sample size. 

I propose a nonlinear regression method for the Monument Canyon data set to correct for 

differences in sample size among composite fire records. All measures of the fire regime 

reflected sensitivity to sample size, but these differences can be corrected in part by 

applying the regression correction, which can increase confidence in quantitative 

estimates of the fire regime. 
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INTRODUCTION 

Ecological variability and scaling in space and time. 

Temporal and spatial variability are fundamental properties of ecological systems. 

At any moment in time, ecosystems, communities, and populations manifest spatial 

pattern across scales of observation from microns to the biosphere. This variation 

produces the spatial heterogeneity that is pervasive throughout ecology, and a salient 

characteristic of living systems. Similarly, at any point in space, ecological and abiotic 

entities also vary through time, across temporal scales from nanoseconds to millermia. 

As a result, few organisms (if any) live or evolve in completely equilibrial 

evolutionary environments in either space or time. In myriad ways, organisms adapt to 

both spatial and temporal heterogeneity of their environment in order to survive and 

reproduce (Cohen 1966; May and MacArthur 1972; Venable and Lawlor 1980; 

Tuljapurkar 1989; Palmer and Dixon 1990; Hutchings and Wijesinghe 1997; Clauss and 

Venable 2000). Adaptations to temporal variability are also a cenfral component of 

community-level species coexistence (Venable, Pake et al. 1993; Pake and Venable 1996; 

Venable and Pake 1999; Enquist, Economo et al. 2003). In addition to living organisms 

themselves, spatial and temporal heterogeneity are characteristic of the abiotic 

environment, and thus of many resources (such as water, light, and nutrients) that are 

critical for survival (Keeling and Whorf 1995; Swetnam and Betancourt 1998; McCabe, 

Palecki et al. 2004). For these and other reasons, the study of spatial and temporal 

variability occupies a central position in the field of ecology (Peterson and Parker 1998). 
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Of the two axes discussed so far, spatial variation has received far more attention 

in the ecological literature, for several reasons. First, our mobility in space exceeds our 

persistence in time; it is increasingly possible for ecologists to collect data from locations 

that were once inaccessible, using such tools as remote sensing, robotic technology, and 

automated data loggers. Second, a variety of technological tools exist to examine the 

natural world at many different spatial scales, from electron microscopes to binoculars to 

high-resolution Earth-observing spatial systems. Third, methods of spatial analysis are 

well developed, with a wide variety of analytical tools and indices that permit 

quantitative analysis of spatial pattern (Dale 1999). Fourth, spatial variation in underlying 

ecosystem processes (such as forest succession, disturbance, and hydrology) is reflected 

in readily observed ecological properties such as mosaics of geological substrate, soil 

characteristics, vegetation types and condition, and surface waters. Finally, spatial 

variability is perceived by the human visual system, demonstrably the most highly 

evolved of our species' perceptual and cognitive systems. 

Temporal variation, by contrast, is far more difficult to study. Most ecological 

observations are limited in temporal extent (duration), often to a few years and frequently 

even less. For example, the United States Long Term Ecological Network, one of the 

oldest such systems in the world, was formed only 25 years ago with only six sites, and 

after additions and withdrawals includes only 24 locations today'. Other networks, such 

as the national system of long-term observations of plant phenology at more than 1,600 

stations by the German Weather Service and other European countries, are considered 

' http://www.ltemet.edu 



impressively long at 50+ yr (Menzel, Estrella et al. 2001). Few time series of even basic 

instrumental measurement of local climate (such as temperature and precipitation) are 

much more than a century old. The duration of most ecological experiments is an order of 

magnitude shorter, although there are notable exceptions (Halpem 1988; Moore, 

Huffman et al. 2004). While these are all important accomplishments, they underscore 

the paucity of truly long-term direct observational or instrumented data sets available in 

ecology. 

Students of spatial ecology can often move to a new location to replicate their 

observations; if they need higher resolution, it can be obtained with additional sampling 

plots. The student of temporal variation has no such luxury; when an observational or 

measurement opportunity has passed, it is gone forever. This introduces unevenness in 

temporal resolution and sampling interval to many longitudinal studies, where weather, 

funding, logistics, or personnel turnover may create interruptions in time series data that 

cannot be recovered. Temporal changes can also be subtle if the process in question is 

slow with respect to the sampling interval, requiring increased measurement precision 

and replication in order to maintain statistical power over repeated measures (Gurevitch 

and Chester 1986; von Ende 2001). 

Perhaps the most difficult challenge is to study an ecological process over both 

space and time. The population of spatially distributed networks of ecological sites that 

have operated for ecologically significant periods of time is extremely limited. One result 

is that ecological inference has been based largely on relatively short-term observations 

or experiments conducted at relatively small spatial scales. This may not pose a 



significant problem for many ecological phenomena that occur over narrow 

spatiotemporal scales, but other processes may be difficult to characterize accurately 

without broader and longer measurement. 

Motivation for this study. 

In contemporary ecology, theoretical formulations, empirical studies, and 

modeling constitute the three central research strategies. Each of these strategies 

contributes unique kinds of information, and consequently their combination creates 

exceptional potential to understand complex systems. 

The central motivation for this dissertation is to contribute to the development of 

a theoretical fi-amework for fire history and fire ecology. Empirical fire history research 

dates to the early years of the 20"' century, but it is only relatively recently that the field 

has begun to build the consistent body of theory, testable hypotheses, and methods 

characteristic of a scientific discipline. There is still a large amount of empirical natural 

history of fire needing discovery and description worldwide, and it is not my intention to 

imply otherwise. However, as scientific disciplines fire history and ecology must go 

beyond the descriptive phase to build a fi-amework of causation. This is a particularly 

difficult task for a field where large-scale manipulative experiments are so difficult, 

owing to the influence of long-term and large-scale climate and vegetation dynamics on 

fire regimes. 

The approach in this dissertation is explicitly macroecological (Brown 1995). 

That is, I study forest fire as an ecological process over multiple spatial and temporal 
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scales, from tens of square meters to square kilometers, and on time scales from years to 

centuries. I take this approach because individual fires cannot provide the view of the 

whole that can be obtained from studying multiple events in space and time. For this 

reason, this dissertation emphasizes properties of the "fire regime", the collective 

statistical characterization of multiple fires for a defined domain of space and time (Gill 

1975). 

In developing a method for scaling analysis of the fire regime, I have drawn most 

directly on two general bodies of ecological theory. The first is species biogeography, in 

particular the branch of the discipline that examines the relationships between species 

diversity and area (Arrhenius 1921; Gleason 1922; MacArthur and Wilson 1967; 

Rosenzweig 1995). Species-area relationships are among the most thoroughly studied and 

firmly established macroecological patterns. Because the fire record is distributed in both 

space and time, I have adapted traditional species-area methodology, proposing the event-

area relationship as a spatiotemporal analogue of the biogeographic relationship of 

species richness and area (Falk and Swetnam 2003). 

The second area of relevant theory is the more recent development of a unified 

theory of allometric scaling (Niklas 1994; West, Brown et al. 1997; Brown and West 

2000; Enquist, Economo et al. 2003). This body of theory places observed allometric 

relationships of and among organisms in a physical and biophysical framework with an 

explicit physical mechanism, analytical structure, precise and testable predictive 

capability, and demonstrated accuracy (West, Brown et al. 1997,1999; Brown and West 

2000). These models have also provided a mechanistic framework for evolution of body 
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form and function, and have proven to be applicable and accurate for a wide range of 

organismal traits across 21 orders of magnitude in body mass (Brown, Marquet et al. 

1993; West, Brown et al. 1999; Chamov, Turner et al. 2001; Niklas and Enquist 2001; 

Enquist and Niklas 2002). Of particular relevance to a scaling approach for disturbance 

ecology is the extension of the original model into the domain of ecological allometry, 

the allometric relationships of populations, communities, and ecosystems (Enquist and 

Niklas 2001; Niklas and Enquist 2001; Enquist, Economo et al. 2003). As I discuss in the 

closing section of this introduction, the analytical framework of ecological allometry 

provides an energetic basis for ultimately linking rates of biomass production and the 

conversion of biomass to energy through the process of fire. 

It is my hope that the theoretical and analytical tools developed in this dissertation 

will find application in fire research and beyond. Indeed, multiple emerging 

collaborations already suggest the benefits of developing a stronger theoretical 

framework for fire history and ecology. These include work on the use of null models of 

temporal and spatial variation, research on the role of fire frequency and size in 

governing the scaling of fire regimes, and closer examination of the mechanisms (such as 

climate variation and forest energetics) that underlie the scaling properties described in 

this dissertation. 

Scaling as a tool for the study of ecological variability. 

In this dissertation, I apply the approach of scaling to the study of ecological 

variability of an ecosystem process in space and time. For the purpose of this work, I 
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define scales as dimensional axes such as space, time, mass, or energy. Scale dependence 

or scaling is a systematic change along a dimensional axis (Levin 1992; Niklas 1994; 

Calder 1996; Brown and West 2000). 

Both spatial and temporal scaling dimensions can be decomposed into two 

fundamental components, grain and extent (Wiens 1989; Milne 1992; Palmer and White 

1994; O'Neill and King 1998; Dungan, Perry et al. 2002). Grain (or resolution) is the 

smallest unit of measurement, and corresponds to the precision (exactness) of data. 

Extent refers to the domain of measurement, such as the area or time over which samples 

are taken. Resolution and extent apply to both space and time: spatial resolution is the 

smallest resolvable area of measurement, whereas temporal resolution is the shortest unit 

of time. Spatial extent is the total area of measurement; temporal extent is the time 

domain. Varying grain and extent independently allows these two components of scale to 

be assessed separately (Palmer & White 1994). 

Importantly, scales are not the same as hierarchical levels, although the two are 

confounded frequently (Allen and Hoekstra 1990; Allen 1998; Hobbs 1998; O'Neill and 

King 1998). Hierarchies are type-based systems of organization based on ordered rule 

sets for membership of entities in a series of nested classes (Allen 1998). Unlike scales, 

hierarchies are distinguished by definitions, not by measurement. For instance, 

"ecosystem" is a level of conceptual hierarchy, but ecosystem properties can be observed 

at minute spatial scales {e.g., a few square centimeters of cryptobiotic desert soil crust or 

coral reef) as well as much larger ones. Likewise, "species" is a hierarchical level in a 

particular taxonomic system, but species exist at sizes {e.g. mass) spanning more than 21 
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orders of magnitude, from a single virus to blue whales and giant sequoias (Brown and 

West 2000). "Leaf is an organizational level in a plant, with a range of scales in length 

and mass; "scaling up" from leaves to regional carbon fluxes involves cross-scale 

comparison, but also the transfer of energy and matter across levels of organization. 

By contrast, scales have units of dimensional measurement (typically length, 

mass, time, or temperature). For instance, the study of forest dynamics at a fixed spatial 

and temporal scale (for example, a square kilometer of tropical forest studied for 10 

years) can span multiple levels of organization, from the demography of individuals to 

changes in community structure and ecosystem processes. Terms like "landscape level" 

contribute to confusion between hierarchical levels and dimensional scales; landscape is a 

scale, albeit poorly defined, but not a hierarchical level (Allen 1998). 

In this dissertation I examine scaling primarily by area. This emphasis is 

consistent with our objective of building a method for ecological processes analogous to 

biogeographic scaling of the species-area relationship (see below). Recent developments 

in ecological allometry (Enquist, Economo et al. 2003) provide a potential synthesis of 

area and energetic scaling. I discuss this synthesis at the end of the Present Study section. 

Dendrochronology as a tool for studying ecological scaling. 

In order to elucidate the spatial and temporal scaling of an ecological process, we 

require a process that can be measured over wide areas and long periods of time, or that 

leaves a record with these properties. Ideally, this record should be a direct and 

affirmative recording of the process of interest, or of processes with strong mechanistic 
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linkages (such as climate and tree growth). Finally, the process must leave a record that is 

spatially and temporally accurate, and sufficiently resolved to permit study of the process 

in question. 

Some ecological phenomena leave a record that permits reconstruction of events 

that have long since passed. Such records may be in the form of residual organic mass 

that is either incorporated into or discarded by an organism, such as the growth of hard 

body tissue (such as wood or bone) that may persist over time, or their deposition into 

soil or alluvium (for instance, as pollen or charcoal). Such artifacts require interpretation 

grounded in real time observation of the same process in order to be useful for ecological 

study. Other processes (such as climate variability) are studied primarily through "proxy" 

variables (such as tree growth) that covary with the process of interest. Not all ecological 

processes are tractable to such analysis. For instance, some phenomena are so ephemeral, 

leaving no apparent record, that they must be observed or recorded in real time if they are 

to be studied at all: the fall of a leaf, the death of a seed, the flight path of a bird, 

predation among small organisms, almost any behavioral interaction among individuals 

of a species. 

The dendrochronological record of surface fires in pine forests of southwestern 

North America offers a number a salient features that makes it ideal for the type of 

scaling analyses here proposed. Dendrochronology is the study of biophysical 

phenomena through analysis of tree tissue (Fritts 1976; Schweingruber 1988). 

Dendroecology is the application of dendrochronology to ecological events, such as its 

use here applied to the study of forest fire. The tree-ring record satisfies many of the 
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criteria listed above for reconstruction of an ecological process that we wish to scale 

across space and time: 

Long temporal extent. The extent of the record depends largely on the 

management and natural history of the site. In the absence of cutting, many forests in 

southwestern North America include living trees more than 450 yr in age, and individual 

trees of some species older than 1,000 yr exist (Swetnam and Brown 1992). Dead wood 

on site can extend annual chronologies more than 2,000 yr (Grissino-Mayer, Swetnam et 

al. 1997). While tree rings do not approach the temporal extent of other records, such as 

pollen and charcoal (10^ yr), the duration of the tree record is sufficiently long to analyze 

regime shifts attributable to relatively high-frequency variation in climate and vegetation. 

The fire scar record in a surface fire regime (discussed below) has the salient advantage 

of events that often do not destroy or obscure the record of earlier events, as is generally 

the case in high-severity, stand-replacing fire regimes (Heinselman 1981; Yarie 1981; 

Romme 1982; Reed 2001). 

High temporal accuracy. Provided that wood is properly crossdated to a reliable 

local master chronology, the association of each ring with a calendar year is exact 

(Douglass 1941). Cross-dating is a method of pattern matching in a series of 

observations, most commonly ring width, although others variables can be used (Fritts 

1976; Schweingruber 1988). Crossdating minimizes dating errors that may result from 

the presence of missing or locally absent rings, or within-year cells similar to latewood 

("false rings"). This degree of accuracy cannot generally be obtained with some other 

paleoecological methods, such as radiocarbon dating (LaMarche and Harlan 1973). 



Sufficiently fine temporal resolution to detect the process of interest. Most 

fire scars in the ponderosa pine record for the region can be crossdated to year, creating 

an ecological record with inherently annual resolution. This allows tree-rings to provide 

an extraordinarily high-resolution picture of past events, in contrast to methods such as 

pollen or charcoal CH analysis, which typically have temporal resolution on the order of 

decades to centuries (Whitlock and Millspaugh 1996; Flannigan, Campbell et al. 2001). 

In addition, in many species the season of tree growth can be inferred within a period of 

weeks by intra-ring position (early-, middle-, and late-early wood, latewood, and dormant 

season) (Baisan and Swetnam 1990; Swetnam 1992; Veblen, Kitzberger et al. 2000). The 

accuracy of sub-annual resolution is improved if the annual phenology of a species in a 

given location is known (Allen and Breshears 1998). 

Broad spatial distribution. Trees are a useful form of evidence because of their 

wide spatial distribution in many ecosystems. Other sources of paleoecological data, such 

as pollen records from lake sediments, are concentrated in portions of the landscape that 

may not be fully representative of the landscape as a whole. Trees of a single species 

used in dendrochronology can span a wide range of elevation and climate regimes; for 

instance, the elevational distribution of conifers in southwestern North America is 

generally limited at lower elevations by precipitation or potential evapotranspiration, and 

at higher elevations by the incidence of low temperatures (Fritts, Smith et al. 1965; Fritts 

1974, 1976; Graumlich 1991; Barton, Swetnam et al. 2001). Forests are broadly 

distributed worldwide, in general where aimual moisture deficit is less than 500 mm and 

mean annual actual evapotranspiration greater than 250 mm, levels that are attained 
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generally in areas with annual precipitation exceeding 50 cm and mean annual 

temperature above -5° C (Whittaker 1975; Stephenson 1990; Barnes, Zak et al. 1998). 

This broad ecological amplitude of plants with arboreal habit over more than 130° of 

latitude offers an extraordinarily widespread ecological record. 

High spatial accuracy and resolution. Fire scars are tree-based evidence of 

processes occurring above- or belowground at scales of a few square meters. This 

contrasts with some other forms of evidence, such as pollen and soil charcoal, which can 

be translocated several km prior to deposition and can thus include events over a broader 

area (Pyne, Andrews et al. 1996; Whitlock and Millspaugh 1996). 

Direct, affirmative evidence of events. The presence of a correctly identified 

scar is direct evidence of a fire event, which can be differentiated from those caused by 

lightning strikes, insects, or mechanical damage (McBride 1983; Dieterich and Swetnam 

1984; Swetnam 1992; Outsell and Johnson 1995). This also contrasts with other methods 

used to reconstruct fire events, such as growth releases and age cohort analysis, which 

require inferences about the relationship of an inferred event to a complex ecological 

response (Huff 1995; Barton, Swetnam et al. 2001; Brown, Kaye et al. 2001; Fule, 

Heinlein et al. 2003). Fire scars are discussed in more detail below {The nature of the fire 

scar record). 

A basis for quantification that can be applied across scales of interest. In the 

reconstruction of fire as an ecological disturbance process, we distinguish an individual 

fire event from the properties of multiple events in space and time (Agee 1993; Lertzman, 

Fall et al. 1998). Collectively, these properties describe the fire regime, a multivariate 



characterization of multiple events within a defined time and space (Heinselman 1980; 

Romme 1982; Covington and Moore 1992; Agee 1993). A wide variety of metrics for 

fire regimes have been derived fi"om studies of fire physics, behavior, and effects, as well 

as fi"om disturbance ecology more generally. The quantitative study of fire regimes 

focuses on measures of the regime, such as spatial and temporal distribution of events, 

and the statistical distribution of fire behavioral properties and effects. Many measures, 

such as measures of fire frequency, size, and rate of spread, are used extensively and are 

relatively standardized (White and Pickett 1985; Johnson 1992; Agee 1993; Whelan 

1995). Because the fire regime includes multiple events, these measures have 

characteristic firequency distributions (Falk 2004a). In this dissertation I make extensive 

use of such measures as the basis for quantitative analysis of spatial and temporal scaling 

of the fire regime. 

The fire regime of southwestern ponderosa pine forests. 

In forests of southwestern North America dominated by ponderosa pine (Pinus 

ponderosa P. & C. Lawson var. scopulorum Engelm.)^, fire is a keystone ecological 

process regulating tree regeneration, demography and composition, understory plant 

composition and biomass, forest physiognomy, soil development, nutrient cycling, 

hydrology, and population dynamics of vertebrates and invertebrates (Covington and 

Sackett 1990; Clark 1991; Whelan 1995; Allen 1996; White 1996; Reinhardt, Keane et 

^ Taxonomy follows the USDA Plants Database (http://plants.usda.gov/) and the Flora of North America 
FNA (1993). Pteridophytes and gymnosperms. New York, Oxford University Press.. 

http://plants.usda.gov/
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al. 1997; Barton, Swetnam et al. 2001). Fires are influenced reciprocally by forest 

conditions such as horizontal and vertical tree structure, and fine fuel biomass, 

arrangement, and moisture (Pyne, Andrews et al. 1996; Finney 1998; Johnson and 

Miyanishi 2001a; Andrews, Bevins et al. 2003). Both forest conditions and fire are 

governed by topography (Barton 1994; Finney 1999; Beaty and Taylor 2001), and by 

both short- and longer-term variation in weather and climate (Swetnam and Betancourt 

1990; Johnson and Wowchuk 1993; Swetnam 1993; Finney 1999; Miller and Urban 

1999; Grissino-Mayer and Swetnam 2000; Heyerdahl, Brubaker et al. 2002; Baker 2003; 

Westerling, Gershunov et al. 2003). Fires are the contingent result of interactions among 

these and other factors (Falk 2004a). 

Ponderosa pine forests offer an unusual opportunity to examine properties of the fire 

regime over relatively large spatial and temporal extents. These forests extend over a 

range of more than 24° in latitude, ranging more than 2,500 km from the Sierra Madre in 

the Mexican states of Chihuahua and Sonora (ca. 28° N) to the valleys of the Fraser River 

and its tributaries in British Columbia, Canada (52° N). The longitudinal range is also 

wide, more than 1,900 km fi-om coastal Oregon and California eastward to central 

Nebraska, USA (Oliver and Ryker 1990). While many of these forests were logged 

throughout the 20"^ century, many areas of old growth remain in southwestern North 

America (Kaufmann, Moir et al. 1992; Swetnam and Brown 1992; Huckaby, Kaufinann 

et al. 2003). 

Historically, most fires in southwestern ponderosa pine forests burned as low-

intensity surface or ground events (Weaver 1951; Cooper 1960; Harrington and Sackett 



1992; Swetnam and Baisan 1996,2003). Fast-spreading surface fires primarily consume 

fine fuels, particularly dried leaf litter and cured herbaceous material on the forest floor, 

as well as small woody fuels (< 7.5 cm diam). Some of the partly decomposed organic 

layer (duff) is also consumed, but because of its higher moisture content and closer 

particle packing (and resulting lower aeration), ground fuels typically bum as smoldering 

combustion (P5me, Andrews et al. 1996). Under natural pre-20'*' century conditions, 

ground fuels may have burned entirely belowground for weeks or months with suitable 

fiiel and weather conditions (Sackett 1980; Romme 1982). 

Sackett and Haase (1996) found surface fuels loads (litter, upper fermentation layer, 

and woody fiiels > 2.5 cm diam) in southwestern ponderosa pine forests averaging 3.0 ± 

0.2 kg m (13.2 ± 0.71 ac") (weighted mean ± s.e.); values can range fi-om 2.3 kg m 

(10.41 ac"') in open conditions to more than 10.8 kg m^ (481 ac"') in dense mature stands. 

In such fuel environments under typical summer weather conditions, energy release in 

surface fires is < 250 kW m"' of fireline, with spread rates of 0.3 - 3.0 m min"' and flame 

lengths predominantly < 2 m (Agee 1993; Pyne, Andrews et al. 1996). Flame 

temperatures in surface fires are usually 300-800 °C; smoldering combustion can range 

up to 600 °C, but for longer periods is typically closer to 300 °C. Below ground, soil 

temperatures decline rapidly with depth, and often remain below 60-100 °C only a few 

centimeters below the mineral soil surface. 

Fires with these properties are well below the mortality threshold for mature trees 

(Ryan and Reinhardt 1988; Harrington 1993; Reinhardt, Keane et al. 1997; Barton, 

Swetnam et al. 2001). Indeed, the existence of many old, mixed-age stands of Pinus 
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ponderosa in the southwestern US and Mexico is prima facie evidence that the historic 

fire regime consisted almost entirely of low-intensity, low-severity events; the age 

structure and physiognomy of most old-growth stands studied in the region reveals 

multiple age classes, interwoven spatially across the landscape, often with trees more 

than 450 years old. Surface fires scar mature trees but leave them alive and standing; 

scarring and mortality are particularly dependent on bark thickness, species, diameter, 

and vertical structure, and on variables of fire intensity (temperature, residence time, 

flame height) (Ryan and Reinhardt 1988). While localized patches of crown fire almost 

certainly occurred, the existing forest structure is affirmative evidence that high-intensity 

events were the exception. Individual crown fires certainly did not cover the spatial 

extents seen today, where more than 200,000 ha (500,000 ac) can bum in a matter of 

weeks, much of it at high intensities and with stand-replacing effects. Such events appear 

to be orders of magnitude larger than the localized crowning events in the ponderosa pine 

forests of the Southwest prior to the 20"^ century (Cooper 1960; Covington and Moore 

1992; Swetnam and Baisan 1996; Swetnam and Betancourt 1998; Margolis 2003). 

The distribution of individual fires in space and time is more difficult to reconstruct in 

detail. Contemporary forest conditions in many southwestem ponderosa pine forests 

differ fi-om those prior to Euro-American settlement, in ways that we cannot see directly. 

For example, while it is possible to reconstruct overstory tree composition and structure 

in some forests it is more difficult to reconstruct the size, composition, and spatial 

distribution of smaller trees (Covington and Moore 1992, 1994). Shrubs, understory 

plants, and surface fiiels are even more difficult to reconstruct, all of which influence the 
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fine-scale behavior of surface fires. Hence, we cannot directly reconstruct the full 

composition and dynamics of these communities prior to their alteration by Euro-

American land use practices, although recent dynamic models appear to capture the 

primary interactions of forest structure, composition, and fire (Covington, Fule et al. 

2001). 

Most of the evidence about the spatial and temporal distribution of fires in pre-

settlement ponderosa pine forests suggests that these events were heterogeneous in space 

and time (Kotliar, Haire et al. 2003). Contemporary modeling and observation of surface 

fires under controlled and prescribed conditions support this inference (Finney 1998, 

1999; Andrews, Bevins et al. 2003). Surface fire behavior is strongly controlled by local 

(10"' - 10^ m) variation in topography, fuels, and weather conditions. Their initiation is 

largely dependent on the spatial and temporal distribution of ignition sources, primarily 

lighting. Once initiated, the spread of surface fire across the landscape is further regulated 

by the landscape fuel complex and larger-scale topographic features (such as ridgelines 

and basins), which may impede or facilitate the movement of the flaming front across the 

landscape. Under natural conditions in which fires were not suppressed, fires often 

persisted for weeks or even months, alternating as smoldering (belowground) combustion 

and occasional outbreaks as flaming fronts. 

Since intensities were low, and fires were generally spreading through surface fuels, 

only occasionally reaching up into the crowns of mature trees, fire spread could be 

impeded by relatively small topographic barriers, fuel discontinuities, areas of higher fine 

fuel moisture, or local changes in weather. In most years these conditions probably 
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created a mosaic of relatively small (tens to hundreds of hectares) disjunct fires 

distributed across the landscape. 

Under certain climatic and forest conditions, however, fires could become more 

intense and more severe, and less controlled by small-scale heterogeneity in the fiiel 

environment. In southwestern North America, these more widespread events tended to 

occur after one or more dry winters (generally the La Nina ENSO phase) following 

wetter (El Nino) years during which fuel accumulation and understory and overstory tree 

growth were more rapid (Veblen, Kitzberger et al. 2000; Heyerdahl, Brubaker et al. 2002; 

Heyerdahl and Alvarado 2003; Westerling, Gershunov et al. 2003). Interaimual climate 

variability was superimposed on decadal variation caused by interactions of the Pacific 

Decadal and Atlantic Multidecadal Oscillations (Grissino-Mayer and Swetnam 2000; 

McCabe, Palecki et al. 2004). Fires occurring in such years could spread more widely, 

leaving a more synchronous record on the landscape (Swetnam and Betancourt 1998). 

This combination of circumstances - a heterogeneous surface fire regime of patchy, 

low-intensity events; long-lived, thick-barked trees that survived most fires but recorded 

them in areas of injured cambium; large areas of preserved forest persisting since before 

Euro-American settiement - creates a uniquely detailed record of ecological events. 

Through dendrochronological analysis of crossdated wood, this record can be resolved 

with sub-armual temporal precision and high accuracy. As a result, we can explore spatial 

and temporal variation in surface fire regimes of ponderosa pine forests in southwestern 

North America in greater detail than for many other ecological processes of comparable 

significance. 



30 

The nature of the fire scar record. 

Given the importance of fire scars to dendrochronological fire research, the amount of 

published literature on fire scar formation as an ecophysiological process remains 

surprisingly small. Field studies of fire scar processes are particularly rare. Here, I review 

some of the basic elements of fire scar formation and preservation, which constitute the 

fundamental natural record for the process of interest. 

Formation and preservation. Fire scars are remnant lesions resulting fi-om cambial 

(lateral meristem) exposure to high temperatures (Gill 1974; Gutsell and Johnson 1995; 

Ryan 2000). Cell wall proteins in the cambial tissue are denatured at high temperatures. 

Denaturation occurs more rapidly at higher temperatures, resulting in a negatively sloped 

fiinctional relationship between time to cell death and cell temperature (so shorter 

exposure to high temperatures, or longer exposure to moderate temperatures, can both 

result in death of meristematic cells). The time-temperature function reaches an 

asymptote around 50-60 ° C, at which cell death occurs even for long exposure times. 

Since meristematic cells are protected by corky outer bark in most species, bark thickness 

(and to a lesser extent thermal resistance) is a critical variable in determining scarring 

rates (Ryan and Reinhardt 1988). 

When cambial cells are killed, lateral growth carmot continue on that arc of the 

meristem. Lateral growth continues in the meristematic regions adjacent to the lesion, 

often spreading over the section of killed tissue from each side; this forms a "curl" of new 

plant tissue that can eventually overgrow the region of killed cambium (Agee 1993). If 
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the curls of live tissue from each side of the lesion contact, the lesion is buried and the 

full circumference of the tree is again active meristematic tissue. If, however, another 

episode of cell death occurs on the curl, the wound remains open; successive such events 

create a "catface", a zone of dead woody tissue bordered by the remaining live 

circumference of the tree. 

Fire scars are often visible in the field as longitudinal ridges of wood, marking 

the region where lateral growth ceased (Dieterich and Swetnam 1984). In cross-section, 

these ridges appear as short arcs of discolored (usually blackened) tissue parallel to the 

annual ring boundary. In crossdated specimens, the year of formation of the lesion can 

generally be determined with annual precision and accuracy. The intra-annual (i.e., 

seasonal) position of many scars can be ascertained by the position of the scar within the 

annual procession of ring growth; in this way, scars formed during earlywood growth, 

latewood growth, or dormancy can be distinguished. These properties allow a record of 

fire events at the spatial scale of an individual tree to be compiled, provided the wood can 

be reliably crossdated. Multiple specimens of individual trees are sometime taken to 

capture lesions that may not extend along the entire longitudinal axis of the tree base. 

Other events besides fires can cause cambial lesions, including mechanical injury 

(for example, from boulders or falling trees scraping away a portion of the cambium), 

frost, insects, fungal pathogens, and lightning. Most of these are readily distinguished 

from fire scars in the field; for example, lightning scars have a characteristic form on the 

bole of the tree quite different from a fire scar. Scars of other origins are also 

distinguishable in cross-section under microscopic inspection; for instance, a lenticular 
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region of enlarged xylem cells often characterizes frost damage (Schweingruber 1988). 

By its very nature the fire scar record is a priori evidence of events that can be 

bracketed in terms of intensity and severity at the scale of the tree. For a tree of defined 

size and morphology (diameter, bark thickness, crown base height, and presence/absence 

of prior wounds), fires that are too low in intensity in the immediate vicinity of the tree 

will fail to cause scarring, while fires that are too high in intensity will kill it (Outsell and 

Johnson 1995; Johnson and Miyanishi 2001b). While fire intensity cannot be accurately 

reconstructed from fire scar evidence alone, scars indicate events in a range between 

minimum scarring energy and survival limits of the tree, taking tree size into account. At 

a minimum, the presence of a fire scar indicates tree survival, and thus excludes the 

occurrence of a lethal crown fire in the immediate vicinity of the free. 

Fire lesions constitute an affirmative record of ecological events. However, the 

converse is not necessarily true: that is, the absence of a fire scar does not affirmatively 

indicate the absence of fire (Falk 2004b). For a variety of reasons, individual frees do not 

necessarily record every fire event that occurs in their proximity. A tree may not record 

fire events of very low intensity; the cambium of trees with thicker bark is more protected 

from high temperature at the bark surface than the cambium of thin-barked trees; fine-

scale spatial heterogeneity in fire intensity may cause fire scar formation on adjacent 

trees to vary; fuel accumulation around the base of the tree may increase fire residence 

time; previously-scarred portions of a tree may be burned, broken, or rotted away; very 

small lesions may go undetected during microscopy; and previous scarring increases the 

probability of scarring from subsequent fire events. Prior scarring influences subsequent 
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scarring rates because the bark is thinner on the "curl", providing less protection to the 

underlying cambium (Agee 1993). In addition, trees often mobilize large volumes of 

resin into the wounded area; these resins are highly flammable, and hence more likely to 

catch fire than is an undisturbed bark surface. 

Some of these contingencies are related systematically to factors that govern fire 

behavior (Gill 1974). For example, surface fires spread more consistently uphill, and 

successive fires are more likely to spread in the same direction than are fires on level 

ground, which are more readily wind-driven. When the flaming fi-ont encounters a 

cylindrical obstacle (such as a tree bole), the front flows aerodynamically around the 

bole, creating symmetrical eddies of heated gases. The highest temperatures and longest 

persistent times occur within these eddies, where scarring is most likely to be 

concentrated. Consequently, where the directionality of surface fire spread is more 

consistent, the same surface of the tree is more likely to be exposed to high temperatures 

and long persistence times that lead to cambial mortality. In addition, on sloping ground 

fine fuels often migrate downslope and accumulate on the uphill side of the tree, creating 

fiiel depths 2-3 times those on the downhill side. This explains why trees on slopes may 

record many more events than trees of similar size and bark thickness on level ground. 

Thus, fire scar formation and preservation are contingent on a number of factors 

that vary in space and time. As the mechanisms of fire scar formation become better 

understood, particularly under field conditions in heterogeneous fire envirormients, our 

ability to reconstruct the historic fire regime will continue to improve. 



Why should disturbances scale? Toward a unified theory of ecosystem energetics. 

"Disturbance" is often defined in terms of its effects, such as mortality of plant or 

animal populations, mass movement of soil, and so on. But disturbance events are also 

energy transformations, allowing us to define disturbance here more mechanistically as a 

reorganization of structure and redistribution of energy within and among ecological 

systems. An energetic view of disturbance may offer the most direct way to understand 

how fire operates as an ecological force across scales. 

Forest fire is one of several ecological "disturbances" (insect population irruptions 

are another example) based entirely on biological production. It is useful to view forest 

fire in this way because it connects fire as an ecological process to other ecosystem 

fiinctions, particularly plant productivity, decomposition, and carbon fluxes. Fire is a 

rapid combustion of plant biomass ("fiiels", in the fire ecologist's perspective) to carbon 

gases, particulate carbon, and water, with a concomitant energy release (Pyne, Andrews 

et al. 1996; Johnson and Miyanishi 2001a). Combustion can be understood as a process 

of ecosystem metabolism, accelerating the breakdown of cellulose and other carbon 

compounds and releasing their components and bound energy back into the ecosystem. 

Biological production in turn is governed by a set of limiting factors and conversion 

pathways for energy and materials in the physical landscape. Therefore, we should be 

able to build a testable conceptual framework that links the basic biological and 

biophysical processes of biomass accumulation and structure to the energetics of a 

process that reorganizes this structure and redistributes the embodied energy. 
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By better understanding how fires are distributed in space and time, we come a 

step closer to understanding their relationship to ecosystem productivity and fluxes, and 

ultimately to underlying flows of energy through ecological systems (Enquist, Economo 

et al. 2003). An energetic analysis of disturbance may also stimulate progress toward a 

synthesis of biogeography and ecological allometry. 
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PRESENT STUDY. 

This section summarizes background and procedures common to all sections of 

this dissertation, including an overview of the study site, and field, laboratory, and 

analytical methods. Individual research papers (Appendices A-C) provide additional 

detail or background information germane to particular topics. The section concludes 

with a brief summary of the major findings of the three Appendices. 

Study site: Monument Canyon Research Natural Area, New Mexico, USA. 

Location and land ownership. Monument Canyon Research Natural Area 

(MCN) is in the Jemez Mountains of north central New Mexico, USA, on lands 

administered by the Santa Fe National Forest. The 640 ac (256 ha) Research Natural Area 

(RNA) is centered at lat. 35° 48' 20" N, long. 106° 37' 30" W, and includes all of Section 

9, Township 18 North, Range 3 East (Peterson and Rasmussen 1985). Elevations range 

fi"om 2,438-2,560 m (8,000-8,400 ft) above mean sea level. Some sampling for this 

project extended into adjacent forest within 100 m of the RNA boundary. 

Monument Canyon was established as an RNA in 1932, among the first in the 

United States to be designated (Pearson 1922; Swetnam 1966; Peterson and Rasmussen 

1985). RNA designation afforded the area protection from logging and commercial use 

throughout the remainder of the 20"' century, and has contributed to its high value as an 

old-growth forest to this day. Given its age, size, and cultural history, MCN ranks among 

the most significant extant old-growth mid-elevation forests in the Southwest. 
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Topography and soils. The Jemez Mountains He on the boundary between the 

Southern Rocky Mountain and Great Basin Provinces (Peterson and Rasmussen 1985). 

MCN is located on the prow of a rising mesa system on the south margin of the Valles 

Caldera. Redondo Peak (3,428 m, 11,254 ft), visible to the north, is the highest of a 

system of emergent domes within the remains of a massive volcano that exploded most 

recently 1.2 MYA (Allen 2001). Ash and pumice from this event form much of the 

geologic substrate for contemporary forests. 

MCN includes the upper sections of two mesas, Cat and San Juan, originally part 

of the parent caldera but dissected during the late Pleistocene. The mesas are bounded by 

450 m (1,500 ft) Canon de San Diego to the west, and the 365 m (1,200 ft) canyon of the 

East Fork of the Jemez River to the north. The upper reaches of Church Creek and Canon 

de Canada drainages originate in the RNA, flowing to the southwest and eventually 

joining the Jemez River south of the town of Jemez Springs and north of the Pueblo of 

Jemez. The Canon de Canada forms a 60 m (200 ft) cliff at the southwestern comer of the 

RNA, effectively dividing San Juan and Cat Mesas. 

Bedrock of the mesas at MCN is primarily the Otowi Member of Bandelier Tuff 

resulting from ash flows during the late Pleistocene volcanism, with outcrops of pumice 

and Valles Rhyolite. The material is poorly consolidated and relatively soft, leading to 

the occurrence of many naturally occurring caves and alcoves in rock outcrops. Soils are 

mostly colluvial and well drained, exacerbating the tendency toward plant water deficit 

during the warm months. The bottomlands of Church Creek and other drainages have 

deeper alluvial soils with higher organic content. 



Climate. The nearest permanent weather station is located in the town of Jemez 

Springs, only 5.5 km (3.5 mi) SW but 600 m (2,000 ft) lower in elevation. Mean annual 

precipitation for the instrumental record at Station 4369 in Jemez Springs is 46.5 cm 

(18.3 in), but Tuan et al. (1973) note that in the Jemez Mountains, areas above 2,400 m 

(8,000 ft) typically receive more than 58-76 cm (23-30 in) of rainfall annually. The area 

has a bimodal annual climate pattern, with rains originating fi-om the southwestern 

monsoon accounting for 45-50% of annual rainfall; the remainder falls in winter and 

autumn (Tuan, Everard et al. 1973), with dry seasons in late fall and spring. 

Mean temperatures in New Mexico are more strongly controlled by elevation than 

is precipitation, falling at a lapse rate of approximately 9.0°C for every 1,000 m (5°F per 

every 1,000 ft) increase in elevation between 900 - 2.700 m (3,000 - 9,000 ft) (Tuan, 

Everard et al. 1973). On this basis the mean annual temperature of 10.0°C (50°F) at 

Jemez Springs corresponds to an armual mean at MCN of approximately 4.5 °C (40°F). 

Peak mean monthly summer temperatures are approximately 22.2 °C (72°F), and mean 

monthly minima are -5.5°C (22°F). Late spring ft-eezes can occur at late as June and as 

early as September; on average, 100- 120 days are fi-ost fi-ee each year. Plant moisture 

deficit (potential evapotranspiration exceeds precipitation plus stored soil water) extends 

over much of the year from April through October. 

The site lies approximately midway between Grid Points 50 and 51 in the long-

term dendroclimatic reconstruction of the Palmer Drought Severity Index (PDSI) (Cook, 
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Meko et al. 1999)3. The mean of these two series is a reasonable approximation of PDSI 

for the Jemez Mountains. 

Vegetation. Most of MCN is upland forest, although the site also includes 

riparian areas, rock outcrops and cliffs. Most of MCN is the Interior Ponderosa Pine type; 

the site is near the upper elevation limit for ponderosa pine dominance on mixed 

topography in northern New Mexico (Regional forest type 122.3, Petran Montane 

Conifer Forest) (Brown and Lowe 1980). At higher elevations and on northerly aspects, 

forest mixed-conifer communities (121.3, Petran Subalpine Conifer Forest) dominate. In 

MCN, mixed-conifer stands are found mostly on north-facing slopes and drainage 

bottoms. 

MCN contains some of the oldest remaining ponderosa pine stands in the 

southwestern United States, some more than 400 years old (Touchan, Allen et al. 1996; 

Morino, Baisan et al. 1998). The oldest living trees sampled to date in Monument Canyon 

germinated before 1498, and many trees older than 400 yr are found on the site (D. Falk, 

unpublished data). Remnant dead wood has been dated to the early 1300's. 

In addition to ponderosa pine, mature individuals of several other tree species are 

found within MCN, including white fir {Abies concolor (Gord. & Glend.) Lindl. ex 

Hildebr.), Rocky Mountain juniper {Juniperus scopulorum Sarg.), two-needle pinon 

(Pinus edulis Engelm.), limber pine (Pinus flexilis James), Gambel oak (Quercus 

gambelii Nutt.), and Douglas-fir (Pseudotsuga menziesii (Mirbel) Franco var. glauca 

^ An updated series by the same authors is available at http://www.ngdc.noaa.gov/paleo/usclient2.html. 

http://www.ngdc.noaa.gov/paleo/usclient2.html
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(Beissn.) Franco). All of these species were present in the presettlement period (prior to 

the 1880's), and provide a rich and detailed dendrochronological record. 

In addition to fire history reconstruction, our research group has established a 

program of fi-equent plot-based understory plant monitoring beginning in 2000. As of the 

end of the 2003 field season, we have identified 78 vascular plant species in 62 genera 

(D. Falk and F. Crosby, unpublished) within the RNA. 

Land use history. The site has a long human cultural history; elders of the nearby 

Pueblo of Jemez know Monument Canyon as wa ha doc wha, "Place Where the Clouds 

Live". The Padre Alonzo Trail, which crosses through the RNA, leads to Jemez Springs 

to the west and is believed to have extended to the Pueblo of Santa Fe some 50 miles to 

the east, as part of an extensive trail network connecting the Puebloan communities of the 

region. The trail was used by Basque shepherds in the nineteenth century, and portions of 

the trail are extant on MCN (T. Swetnam and D. Falk, pers. obs.). Archaeological surveys 

document hundreds of cultural sites on San Juan and Cat Mesas, including more than 30 

in the vicinity of MCN (Santa Fe National Forest, US Forest Service, Archaeological 

Survey Report 1995). 

Livestock grazing became a major ecological force in the late 19th century in the 

Jemez Mountains, as it did in many areas of the southwestern North America (Allen 

2001). Extensive grazing reduced surface fuel loads and continuity, and dramatically 

altered the natural fire regime decades before active fire suppression became effective 

(Weaver 1951; Cooper 1960; Savage and Swetnam 1990). Grazing continues to this day 
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in the southwestern Jemez Mountains, although animal densities are a fraction of what 

they were a century ago. 

Historic fire regime. Like most forests of this type in the region, surface fires 

burned historically on the mesas of Monument Canyon with low intensity, relatively high 

frequency, and considerable spatial heterogeneity (Touchan, Allen et al. 1996; Morino, 

Baisan et al. 1998). The natural fire regime has been absent for nearly a century due to 

the combined effects of grazing and subsequent fire exclusion in surrounding areas. As a 

consequence, unnaturally dense thickets of small stems (> 9,000 stems ha-1 in some 

areas), most of which are morbid and have little prospect of reaching the canopy, now 

cover large portions of the RNA (Table 1). The dominant overstory trees have been 

affected adversely by increased root-zone competition, reflected in deteriorating vigor 

and increasing vulnerability to disease. 

Field methods. 

Some field, laboratory, and analytical methods were used throughout this 

dissertation research and are summarized here. See also Appendices A-C, and a manual 

of field methods (Falk 2000) describing field sampling protocols in detail. 

We conducted our sampling of fire-scarred material on a system of grid-based 

plots located across the study site. Spatially distributed sample designs, including 

systematic sampling grids can be advantageous when the study objectives include explicit 

control of area and multiscale analysis (Fule and Covington 1997; Fule, Covington et al. 
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1997; Taylor and Skinner 1998; Niklasson and Granstrom 2000; Heyerdahl, Brubaker et 

al. 2001; Farris, Baisan et al. 2003). We established the sampling grid in 1998 using a 

field GPS accurate to ± 7.5 m. The total grid for the study area is 8 x 9 = 72 4-ha cells, 

covering an area of 288 ha, slightly larger than the RNA; some cells extend slightly (30 

m) beyond the RNA boundary on the west and north sides, in area where vegetation is 

similar to that within the RNA. All grid points are staked permanently using #3 iron rebar 

with numbered metal tags. 

We sampled in two phases, first collecting samples fi"om 36 alternate grid cells 

(lag distance = 400 m); in the second phase, we collected specimens fi-om an additional 

14 cells selected randomly to create areas of higher spatial resolution (lag = 200 m). The 

final sample covered 50 of the 72 grid cells (69% of study area). 

At each grid point we established a 0.5 ha circular plot (39.9 m radius). Within 

this plot we examined every overstory tree (all species) and flagged all with visible fire 

scars. The density of fire-scarred trees varied from site to site, reflecting variation in fire 

behavior and recording rates with species, topography, and vegetation type. Depending 

on the density of scarred trees, we then selected 2-10 trees (mean = 4) for sampling. 

We collected fire scars by removing sections of wood from target frees using a 

chainsaw (Kilgore and Taylor 1979; Dieterich 1980; Madany, Swetnam et al. 1982; 

Dieterich and Swetnam 1984; Baisan and Swetnam 1990; Swetnam 1992; Fule, Heinlein 

et al. 2003). In order to maximize the spatial and temporal extent of the record, we 

collected field samples as cross-sections from both living and dead frees (Amo and Sneck 

1977; Kilgore and Taylor 1979; Dieterich 1980; Madany, Swetnam et al. 1982; McBride 
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1983; Swetnam and Dieterich 1985; Baisan and Swetnam 1990; Swetnam 1993). All 

trees were permanently tagged and georeferenced to the grid point marker to the nearest 

0.1 m. For each tree we recorded size (diameter), decay class, and species (identification 

was verified in the laboratory by examination of wood anatomy) (Tables 2 and 3). 

Laboratory methods. 

Preparation and crossdating. In the laboratory, each specimen was dried and 

sanded to a fine finish (400x) so that individual xylem cells were visible under a lOx 

dissecting microscope. I crossdated specimens initially to master ring-width chronologies 

fi-om nearby studies, and then as samples accumulated generated a chronology 

specifically for MCN. Specimens were crossdated completely fi-om innermost to 

outermost rings to create maximum temporal extent of the site-specific ring-width 

chronology. 

Crossdating is a temporal pattern-matching procedure used to determine accurate 

calendar dates of wood by comparing patterns of ring growth with a master chronology 

fi-om the site or another nearby location (Douglass 1941; Fritts 1976; Madany, Swetnam 

et al. 1982; Swetnam, Thompson et al. 1985; Schweingruber 1988). Unlike a simple ring 

count, crossdating allows correction for missing and false rings within a ring sequence; it 

is also the only technique that allows reliable assignment of calendar years to dead wood 

when the outer or inner dates are not known a priori. Crossdating is thus essential to 

establish a fire record with annual or better temporal resolution (cf Barrett et al.l997). 



IdentiHcation and dating of fire scars. Specimens were then examined for 

evidence of fire. Ponderosa pines do not begin to record surface fires consistently until 

after an initial wound exposes the cambium and creates a region of thirmer bark. In 

addition to localized fire injury, the initial wound can be caused by lightning or 

mechanical damage. Fire scars are generally distinct from other forms of injury such as 

mechanical breaking or scraping, insect wounds, or frost damage (Ryan 1982; McBride 

1983; Dieterich and Swetnam 1984; Outsell and Johnson 1995). Lightning and fire 

damage can sometimes be difficult to distinguish; accordingly, injuries found only on a 

single tree were examined for other characteristic evidence specific to fire damage. I did 

not count the initial scar on a free as definitively of fire origin unless other trees in the 

area also recorded the same date (Grissino-Mayer 1995). Once damaged, trees tend to 

record fires at a higher rate because of exposure of the cambium, thinner bark on the 

healing curl, and higher concentrations of resin mobilized into the wound. Trees that 

experienced an initial wound that creates higher susceptibility are considered "recording" 

regardless of the cause of the initial wound. 

I dated fire lesions to year by identifying the annual ring in which the injury 

occurred under microscopic examination. Fire scars that could not be assigned 

unambiguously to a single year (e.g., where the lesion was not clearly within a single 

year's growth, or in areas of wood deterioration) were held aside in the initial analysis, 

and were not used to establish a fire date unless at least one other tree in the immediate 

area recorded the same date. When possible, I determined the season of fire by position 
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of the scar within the earlywood-latewood progression, although I do not include analysis 

of fire seasonality in this study. 

In all I dated 1,746 fire scars sampled fi-om 203 trees (mean = 8.6 fire dates tree"'; 

maximum on an individual tree = 31 fire years). In order to establish the chronology and 

crossdate the sampled material I dated 53,765 annual rings. 

Analytical methods. 

Because scaling rules typically involve logarithmic relationships between 

variables, scaling rules in both biogeography and ecological allometry are often 

expressed as power functions of the independent variable (MacArthur and Wilson 1963; 

Hastings and Sugihara 1993; Schneider 1998; Enquist, West et al. 2000). I used least-

squares regression models on log-transformed values to abstract the mathematical 

relationship. Three products of regression analysis are of particular importance: (i) the 

scaling exponent, which describes the slope of the relationship in log-log space; (ii) the 

scaling constant, which serves as the intercept of the log-log transformed function; and 

(iii) the coefficient of determination (r2), the proportion of variation in the dependent 

variable that is attributable to the independent variable. In this dissertation I use all three 

components to assess the scaling relationships in the fire regime. 

Multiscale analysis. In multiscale (area) ecological analysis, it is important to 

distinguish between scaling behavior observed by sampling successively larger areas 

within an ecosystem (for instance, in a nested plot series) on one hand, and the effects of 

a size of a naturally-bounded ecosystem on the other. Naturally-bounded scaling 
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comparisons involve the inherent size of a system, such as measures of species diversity 

on fully censused oceanic or habitat islands (Rosenzweig 1995; Enquist, West et al. 

1999). Such scaling properties are intrinsic to the system because they reflect real and 

intrinsic biological or physical limits, even when the system is open to exogenous input 

such as immigration. By contrast, scaling by aggregation (or subdivision) occurs where 

the domain of each contrast is the result of an artificial subdivision imposed by the 

observer. A classic example in ecology is species diversity in sample areas of varying 

size, or in a nested plot series (Arrhenius 1921; Pielou 1975; Magurran 1988; Palmer and 

White 1994; Stohlgren, Falkner et al. 1995; Condit, Hubbell et al. 1996; Stohlgren, 

Chong et al. 1997; O'Neill and King 1998). Scaling by aggregation of plot data into larger 

spatial scales can provide insight into how entities (species, for example) are distributed 

within the system. However, different scaling processes may be at work compared to a 

naturally bounded system, in part because matter and energy flow across the artificial 

boundary of observations. 

In this study I used a system of scaling by aggregation (Falk and Swetnam 2003). 

Our minimum mapping unit (MMU) was the 4-ha grid cell surrounding each study plot 

(Falk 2004b). I then created aggregates of various numbers of contiguous sampled cells 

to create new composite records for areas up to the ftill extent of the study site. Because 

the composite records from these aggregates of differing sizes were derived from original 

plot data, sample density is maintained across all scales. All subsequent analyses (Falk 

2004b, 2004a) were performed on the resulting composite fire records. 
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Main sections of this dissertation. 

In this dissertation research, I have explored three central elements of the scaling 

ecology of the historic fire regime at MCN. Each of these elements is treated in one of the 

Appendices, and summarized below. Abbreviations common to all chapters are provided 

in Table 4. 

Appendix A. Event-area relationships: scale dependence in a forest surface 

fire regime. Fires are distributed in space and time, so sampling fi-ames of varying sizes 

capture different numbers of events on the landscape. The fire landscape is not 

everywhere unique; that is, fire spreads heterogeneously across the landscape, and so 

some events occur by definition at multiple locations, much as populations of a species. 

Because individual trees can record multiple events, the surface fire record is transparent 

in time, we can examine the spatial distribution of events using a spatially distributed 

sample. Making a substitution of fire dates for species into species-area theory, I derive 

the event-area relationship (EAR), that is, the fiinctional relationship of the number of 

unique events to search area. Because fire fi-equency is the number of events per unit 

time, the EAR maps the area dependence of fire fi-equency. The interval-area 

relationship (lAR) is a similar fiinctional relationship of mean (or other measure of) fire 

intervals on area. 

When the EAR is calculated as a power function and plotted in log-log space, the 

intercept and exponent can be estimated, and the exponent (slope term) is analogous to 

the exponent z in the species-area relationship. I test the EAR and lAR against neutral 



48 

models with isometric scaling (scaling exponent = 1). In analyzing fire history at MCN, I 

tested for scale dependence in five measures of the fire regime, including two metrics of 

fire fi-equency and three fire interval metrics. Both the EAR and lAR produce fiinctions 

with significant slopes and scaling exponents in the range of 0.28 - 0.32. 

The slope of the EAR or lAR is an index of spatiotemporal synchrony. When fires 

are highly synchronized across the landscape, increasing area detects few additional fires, 

and the slope is relatively shallow. When fires are patchy and asynchronous (and fire 

sizes smaller), increasing area leads to detection of a larger number of novel events, 

resulting in a larger exponent (steeper slope). In southwestern conifer forests, such 

landscape synchrony of fire events is almost certainly climatically driven, particularly by 

interannual and decadal variation in the precipitation and temperature regime. Thus, the 

EAR creates a tool for studying large-scale synchronization effects of climate on past fire 

regimes, through use of the fire scar record. I also describe the annual fire frame (AFF), 

defined as the area within which fire occurs on at least one point annually on average. 

The AFF is dependent on both the slope and intercept of the EAR or lAR. The AFF may 

be usefiil in quantifying the extent of departure of a contemporary fire regime fi-om 

historic conditions. Recognition of scale dependence in metrics of the fire regime can 

help to improve fire history methods overall, and area may account for some of the 

variance observed among fire history studies. 

Appendix B. Scale dependence of probability models for fire intervals in a 

ponderosa pine ecosystem. Individual fires, as well as fire regimes for defined periods, 

are historically unique realizations of stochastic processes. Recognizing this, ecologists 
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frequently attempt to define mathematical models that describe features of the underlying 

probability distribution of which actual ecological histories are examples. In this chapter I 

examine the particular problem of modeling the distribution of fire intervals over time. 

Surface fire can be described as a contingent process requiring many conditions 

(including multiple variables for fuels, ignition, and weather conditions) to be satisfied in 

order to occur. The formation, preservation, and sampling of fire scars are similarly 

contingent processes. Working firom first principles in ecology and statistics, I describe a 

model of such a process where the probabilities of individual constituent factors are 

multiplied to estimate the probability of the event occurring. Log-transformed 

multiplicative series become long sums, which approach a limiting normal distribution. 

The lognormal distribution is thus a robust model for the distribution of fire intervals. 

I evaluate the lognormal along with another probability distribution, the Weibull, 

widely used in fire ecology. I find that both distributions are scale-dependent; that is, the 

shape, parameters, and moments of the distribution are dependent on the scale of analysis 

(in fact, area explained nearly all of the variance in the models). Two conclusions can be 

reached firom the work presented in this chapter. First, the lognormal model is a logical 

and ecologically defensible choice for describing the distribution of time intervals 

between fires in a given fire regime. Second, both the lognormal and Weibull models are 

strongly scale dependent; there is no single "correct" scale at which to model the surface 

fire process. Scale dependence in the probability distribution may be the result of small-

scale negative temporal autocorrelation, arising most likely fi-om interannual fuel 

dynamics and the post-fire mosaic of burned patches. 
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Appendix C. Theory and effects of sample size in fire history. Fire regimes 

vary in space, depending on a wide variety of factors (stem density, crown height, fuel 

loading and size distribution, annual productivity, soil index, topography). Fire regimes 

are also unlikely to remain stationary through time, because climate change and fuel 

dynamics entrain fire behavior and hence the fire regime itself The objective of field 

sampling is to compile a census of events reflecting these multiple sources of variability. 

Paleoecological reconstruction of an ecological process can be thought of in terms 

of an error fi-amework similar to that used in statistical hypothesis testing. Fires that did 

occur can be either detected (statistical power) or not (Type II error, 1-p). Years in which 

no fire occurred can likewise be represented correctly in the fire history record, or be 

erroneously characterized as fire years (Type I error, a). In fire history, sample size can 

significantly influence the level of error in a reconstruction. Fire historians typically use 

the composite fire record (CFR) as a means of overcoming the variability inherent in 

records derived from individual trees. 

I describe a fire-history analogue of the collector's curve to understand the effects 

of sample size on estimation of parameters of the fire regime. The serial or parallel 

probability of multiple trees' recording a fire event is a function of the number of trees in 

the set. Fire dates can be described as members of accumulation sets, where additional 

trees added to the CFR can be shown to have a declining probability of contributing a 

novel fire date to the existing set, as sample size increases. 
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I tested for the effect of sample size on several metrics of the fire regime as 

response variables, using data fi-om the MCN fire history study in which sample size and 

area could be controlled separately. For each sampling scale, I used a non-linear 

regression model to estimate the proportion of variation in each fire regime metric that 

was attributable to sample size. Residuals from this regression represent sample size-

corrected estimates of fire regime parameters. All metrics of the fire regime tested were 

sensitive to sample size at most scales from 4 - 288 ha. Sample size correction could help 

to standardize field methods in fire history, as well as explain some of the observed 

variation among fire history studies. 
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List of Tables. 

1. Tree density at Monument Canyon Research Natural Area, New Mexico. Density 

of trees > 2.5 cm dbh was measured at 28 0.01-ha plots in the MCN study area; in 26 

of these plots, seedling and sapling (< 2.5 cm dbh) density were also measured. Stem 

densities in 0.01-ha plots were extrapolated to obtain values for trees ha"'. Live and 

dead tree densities were calculated separately. A general qualitative stand description 

was taken from field notes; two sites (127 and 154) were not characterized. Plots are 

listed in order of live stem density for all tree sizes combined. Minimum, maximum, 

mean, and standard deviation are shown for each column. Figures are for all species 

combined. MC: Mixed conifer. PlPO: Ponderosa pine. 

2. Fire scar collections from sampled grid cells at MCN. Fire scar specimens were 

collected from tagged trees at grid-based sample plots. Each specimen was identified 

to species, and its plot location determined by recording azimuth (° magnetic) and 

distance (m) from the grid point marker. In some cases multiple sections (indicated A, 

B, etc.) were collected from a single tree. Diameters were measured in cm at breast 

height (dbh), stump height (dsh, approximately 50 cm aboveground), or at the root 

crown (drc). Live trees were classified as excellent, good, fair, or poor depending on 

crown and bole condition; dead trees were classified as standing (S), fallen (F), or 

stumps (P). See Field Sampling Protocols (Falk 2000) for additional information 

regarding collections. 
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3. Summary of fire history collections at MCN by species and condition. Number of 

specimens, proportion of total collection, and number and percent collected as live 

and dead trees are tabulated by species. Only trees that were successfully crossdated 

are included in the table. 

4. Notation and abbreviations used in this dissertation. Terms are defined in the 

chapters in which they appear. 



Table 1. 

SEEDLINGS 
AND SAPLINGS 
<2.5 CMDBH 

OR<BH 

(0.01-ha plot) 

STEM DENSITY 
> 2.5 CM DBH 

(0.01-ha plot) 

EXTRAPOLATED 
DENSITY 

> 2.5 CM DBH 

(stems ha"') 

EXTRAPOLATED 
TOTAL DENSITY 

All DBH 

(stems ha"') 

PLOT LIVE DEAD TOTA LIVE DEAD TOTA LIVE DEAD TOTAL LIVE DEAD TOTAL Stand description 

131 222 6 228 30 3 33 3,000 300 3,300 25,200 900 26,100 Regenerating MC 
130 108 0 108 22 0 22 2,200 0 2,200 13,000 0 13,000 Valley bottom, dense regeneration 
133 1 0 1 99 22 121 9,900 2,200 12,100 10,000 2,200 12,200 Thicket 
115 15 12 27 72 1 73 7,200 100 7,300 8,700 1,300 10,000 Thicket 
154 48 0 48 24 0 24 2,400 0 2,400 7,200 0 7,200 Moderate density PIPO 
109 26 0 26 42 4 46 4,200 400 4,600 6,800 400 7,200 Moderate MC, some thickets 
123 1 0 1 68 18 86 6,800 1,800 8,600 6,900 1,800 8,700 Thicket 
141 51 4 55 7 19 26 700 1,900 2,600 5,800 2,300 8,100 MC in valley bottom 
127 44 0 44 11 1 12 1,100 100 1,200 5,500 100 5,600 Medium density MC and PIPO 
125 22 0 22 29 13 42 2,900 1,300 4,200 5,100 1,300 6,400 Thicket 
119 46 0 46 1 1 2 100 100 200 4,700 100 4,800 Open cliff site, toe slope at bottom 
156 31 1 32 15 1 16 1,500 100 1,600 4,600 200 4,800 Thicket 
143 20 3 23 23 2 25 2,300 200 2,500 4,300 500 4,800 Thicket 
166 33 0 33 7 1 8 700 100 800 4,000 100 4,100 Moderately open 
151 25 0 25 7 1 8 700 100 800 3,200 100 3,300 Moderately open, some thicket 
158 1 0 1 29 0 29 2,900 0 2,900 3,000 0 3,000 Moderate density PIPO 
121 17 0 17 11 0 11 1,100 0 1,100 2,800 0 2,800 Moderate MC 
164 17 1 18 9 0 9 900 0 900 2,600 100 2,700 Moderate density PIPO 
111 1 0 1 24 13 37 2,400 1,300 3,700 2,500 1,300 3,800 Open SW slope 
162 8 5 13 15 0 15 1,500 0 1,500 2,300 500 2,800 Moderately open 
147 13 1 14 8 16 24 800 1,600 2,400 2,100 1,700 3,800 Moderate density with thickets 
145 10 0 10 10 1 11 1,000 100 1,100 2,000 100 2,100 Open 
137 16 0 16 0 10 10 0 1,000 1,000 1,600 1,000 2,600 Open PIPO (ridge top) 
113 1 0 1 11 1 12 1,100 100 1,200 1,200 100 1,300 Open 
149 1 0 1 7 1 8 700 100 800 800 100 900 Moderately open, level; may have been thiimed 
139 2 1 3 3 1 4 300 100 400 500 200 700 SW-facing cliffy/rocky site 
160 2 0 2 3 0 3 300 0 300 500 0 500 Moderate density PIPO with other conifers present 
129 1 0 1 1 1 2 100 100 200 200 100 300 Lower edge of cliff on sideslope 

Min 1 . 1 _ . 2 _ _ 200 200 - 300 

Max 222 12 228 99 22 121 9,900 2,200 12,100 25,200 2,300 26,100 

Mean 28 1 29 21 5 26 2,100 468 2,568 4,896 589 5,486 

SD 45 3 45 24 7 28 2,361 691 2,751 5,021 726 5,256 5 

Plots 
28 
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Table 2. 

Grid Bearing from Distance from Diameter 
Tag number point Species Date coUected Section grid point grid point type Diameter Live/dead Condition 

123 156 PIPO 7/14/1998 A DSH 55.0 D P 

124 140 PIPO 7/14/1998 A DBH 40.0 D F 

131 NG PIPO 7/14/1998 A DBH 60.0 D S 

131 7/14/1998 B 

201 170 JUSC 7/14/1999 A 10 48.1 DSH 25.0 D S 

202 170 PIPO 7/14/1999 A 84 15.0 DBH 40.8 L G 

202 7/14/1999 B 

203 170 PIPO 7/14/1999 A 288 51.8 DSH 35.0 D F 

204 170 PIPO 7/14/1999 A 290 65.8 DBH 86.7 D F 

205 170 PIPO 7/14/1999 A 257 54.3 DSH 41.0 D F 

206 170 PIPO 7/14/1999 A 114 49.1 DBH 45.4 D S 

207 180 PIPO 7/12/1999 A 202 30.6 DBH 30.0 D F 

208 180 PIFL 7/12/1999 A 172 11.4 DBH 40.5 D S 

209 180 PIFL 7/12/1999 A 343 46.4 DSH 55.2 D P 

210 144 PIPO 7/12/1999 A 317 21.7 DBH 44.2 D F 

210 7/12/1999 B 

211 144 PIPO 7/12/1999 A 94 36.7 DBH 10.7 D P 

212 144 PIPO 7/12/1999 A 95 40.6 DBH 20.5 D S 

213 144 PIPO 7/12/1999 A 185 58.0 DBH 37.6 D S 

214 144 PIPO 7/12/1999 A 244 18.2 DBH 60.6 D F 

214 7/12/1999 B 

215 135 PIPO 7/12/1999 A 353 26.6 DBH 67.0 L F 

216 135 PIPO 7/11/1999 A 100 45.5 DBH 58.3 D S 

217 135 PIPO 7/11/1999 A 90 37.5 DBH 74.0 D F 

218 135 PIPO 7/12/1999 A 175 23.7 DBH 70.0 D F 

219 135 PIPO 7/12/1999 A 21 43.2 DBH 66.0 D F 

220 135 PIPO 7/12/1999 A 35 38.2 DBH 75.2 D S 

221 117 PIPO 7/11/1999 A 225 45.0 DBH 35.0 D F 

221 7/11/1999 B 

221 7/11/1999 C 

222 117 PIPO 7/11/1999 A 294 35.3 DSH 66.7 D P 

223 117 PIPO 7/11/1999 A 62 42.1 DSH 45.0 D P 

224 115 PIPO 7/10/1999 A 131 23.6 DBH 56.0 D F 

224 7/10/1999 B 

225 115 PIPO 7/11/1999 A 173 15.8 DBH 39.0 D S 

225 7/11/1999 B 

226 113 PIPO 7/10/1999 A 159 27.7 DBH 50.0 D F 

226 7/10/1999 B 

227 113 PIFL 7/10/1999 A 330 31.2 DBH 68.0 L E 

228 113 PIPO 7/10/1999 A 260 28.0 DBH 40.0 D F 

229 113 PIPO 7/10/1999 A 222 23.2 DBH 63.2 D S 

230 113 PIPO 7/10/1999 A 207 39.7 DBH 39.7 D S 

231 113 PIPO 7/10/1999 A 159 40.8 DBH 50.0 D F 

231 7/10/1999 B 

233 ] ] ]  PIPO 7/10/1999 A 300 5.4 DBH 63.7 D S 

234 111 PIFL 7/10/1999 A 330 33.1 DBH 33.1 D F 

234 7/10/1999 B 

235 111 PIPO 7/10/1999 A 353 11.9 DBH 38.9 D F 

235 7/10/1999 B 

236 111 PIFL 7/10/1999 A 357 23.3 DBH 77.8 L E 
237 111 PIPO 7/10/1999 A 72 22.8 DBH 70.0 D S 

237 7/10/1999 B 

238 131 PIFL 7/10/1999 A 204 33.1 DBH 27.2 L E 

239 131 PIFL 7/10/1999 A 206 33.7 DBH 47.0 D F 

240 131 PIFL 7/10/1999 A 205 31.4 DSH 37.5 D S 

241 131 PIFL 7/10/1999 A 229 23.0 DBH 76.0 D F 

242 131 PIPO 7/10/1999 A 221 8.2 DBH 80.0 D F 

242 7/10/1999 B 

243 151 PIPO 7/10/1999 A 178 27.2 DSH 50.0 D F 
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Table 2 - Continued 

243 7/10/1999 B 

246 151 PIPO 7/10/1999 A 88 50.1 DBH 71.0 L F 

247 151 PIPO 7/10/1999 A 162 40.0 DRC 15.4 D F 

248 109 PIPO 7/9/1999 A 35.3 37.5 DBH 43.5 L G 

249 109 UNK 7/9/1999 A 49 35.5 DBH 32.0 D F 

250 162 PIPO 7/9/1999 A 233 18.3 SRC 40.0 D P 

251 147 PIPO 7/8/1999 A 201 36.3 DBH 64.2 L G 

252 147 PIPO 7/8/1999 A 304 15.8 DBH 65.4 D S 

253 166 PIPO 7/8/1999 A 224 39.4 DRC 59.0 D P 

254 166 PIPO 7/8/1999 A 283 12.9 DSH 55.6 D P 

255 166 PIPO 7/8/1999 A 253 24.5 DBH 45.5 D F 

256 166 PIPO 7/8/1999 A 85 46.9 DSH 27.0 D F 

256 7/8/1999 B 

257 166 PIPO 7/8/1999 A 97 34.7 DBH 57.5 L G 

257 7/8/1999 B 

258 145 PIFL 7/8/1999 A 161 36.6 DBH 18.0 D S 

259 149 PIPO 7/8/1999 A 218 86.0 DBH 41.5 D S 

260 162 PIPO 7/9/1999 A 335 33.7 DBH 68.0 D F 

260 7/9/1999 B 

261 145 PIPO 7/8/1999 A 31 36.0 DBH 47.0 D F 

262 145 PIPO 7/8/1999 A 137 47.0 DBH 44.9 L F 

263 154 PIFL 8/16/1999 A 176 27.7 DBH 33.0 D F 

264 154 PIPO 8/16/1999 A 210 36.2 DBH 46.3 L a 
267 154 PIFL 8/I6/I999 A 25 47.8 DBH 47.5 D P 

268 162 PIPO 7/9/1999 A 15 25.2 DBH 18.4 D s 

269 127 PIFL 7/9/1999 A 135 41.5 DBH 50.6 D s 
269 7/9/1999 B 

270 127 PIPO 7/9/1999 A 130 42.1 DBH 58.5 D s 

270 7/9/1999 B 

271 162 PIPO 7/9/1999 A 63 34.2 DBH 59.0 D s 
271 7/9/1999 B 

272 164 PIPO 7/9/1999 A 163 42.4 DBH 23.0 D F 

273 164 PIPO 7/9/1999 A 163 41.8 DBH 53.1 L G 

274 164 PSME 7/9/1999 A 305 31.0 DBH 87.2 D s 
274 7/9/1999 B 

275 149 PIPO 7/8/1999 A 281 35.6 DBH 73.9 L G 

301 119 PIPO 8/14/1999 A 138 46.0 DSH 90.0 D S 

301 8/14/1999 B 

302 121 PIFL 8/14/1999 A 22 18.0 DSH 50.9 D S 

303 121 PIFL 8/14/1999 A 282 10.0 DSH 40.4 D F 

304 121 PIFL 8/14/1999 A 84 10.4 DSH 20.2 D S 

304 8/14/1999 B 

305 121 PIFL 8/15/1999 A 60 5.0 DBH 66.0 L E 

306 123 PIPO 8/15/1999 A 74 31.7 DSH 41.0 D S 

306 8/15/1999 B 

307 123 PIPO 8/15/1999 A 172 11.4 DSH ^ D F 

308 123 PIPO 8/I5/I999 A 60 38.0 DBH 89.5 D S 

309 125 PIPO 8/19/1999 A 297 55.0 DBH 40.0 D F 

309 8/19/1999 B 

310 137 PSME 8/I6/I999 A 37 12.0 DBH 61.9 D S 

310 8/I6/I999 B 
311 137 PIFL 8/16/1999 A 328 47.3 DBH 49.7 L G 

312 137 PIPO 8/16/1999 A 278 26.4 DBH 40.5 D F 

313 137 PIPO 8/16/1999 A 252 35.0 DBH 46.5 L F 

314 156 PIPO 8/16/1999 A 55 34.7 DBH 81.7 D S 

315 156 PIPO 8/16/1999 A 91 38.2 DBH 72.2 L G 

316 158 PIPO 8/17/1999 A 156 31.8 DBH 32.0 L G 

317 158 PIPO 8/17/1999 A 198 42.2 DBH 25.0 D F 

318 158 PIPO 8/17/1999 A 298 25.6 DBH 48.5 L G 

319 160 PIFL 8/17/1999 A 75 38.0 DBH 66.0 D S 

320 160 JUSC 8/17/1999 A 70 43.8 DBH 51.0 D S 

321 160 PIPO 8/I7/I999 A 9 9.3 DBH 71.0 D F 

322 160 PIPO 8/17/1999 A 65 52.0 DBH 65.0 D S 
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Table 2 - Continued 

323 143 PIPO 8/17/1999 A 71 14.5 DBH 66.4 D S 

324 143 PIPO 8/17/1999 A 355 61.0 DBH 39.0 D F 

325 143 PIFL 8/17/1999 A 355 73.9 DBH 54.5 D S 

325 8/17/1999 B 

326 141 PIPO 8/18/1999 A 223 34.5 DBH 22.4 L F 

327 141 PIPO 8/18/1999 A 291 31.6 DBH 68.0 D P 

328 141 PIPO 8/18/1999 A 307 43.2 DBH 88.6 D P 

329 141 PIPO 8/18/1999 A 319 44.4 DBH 60.0 D S 

330 101 PIPO 8/18/1999 A 35 5.9 DBH 54.0 D P 

331 10! PIPO 8/18/1999 A 77 13.6 DBH 70.0 D P 

332 lOi PIPO 8/18/1999 A 95 47.0 DBH 73.0 D P 

333 101 PIPO 8/18/1999 A 62 51.0 DBH 62.0 D P 

334 101 PIPO 8/18/1999 A 251 36.2 DBH 87.0 D S 

335 101 PIPO 8/18/1999 A 188 29.6 DBH 86.0 D p 

336 125 PIPO 8/19/1999 A 173 15.6 DBH 63.0 D F 

337 107 PIPO 8/19/1999 A 152 27.0 DSH 83.0 D S 

338 107 PIPO 8/19/1999 A 183 59.8 DSH 40.0 D s 

339 107 PIPO 8/19/1999 A 160 40.7 DSH 51.0 D s 

340 105 PIPO 8/19/1999 A 323 22.3 DSH 29.0 D F 

341 105 PIPO 8/19/1999 A 261 39.1 DSH 74.0 D P 

379 188 PIPO 7/13/1999 A 160 20.2 DSH 25.0 D F 

380 188 PIPO 7/13/1999 A 272 60.1 DBH 70.0 D S 

381 188 PIPO 7/13/1999 A 42 30.6 DBH 40.0 D F 

382 188 PIPO 7/13/1999 A 38.6 57.4 DBH 28.0 D S 

383 188 PSME 7/13/1999 A 184 17.7 DBH 45.0 D F 

385 129 PIPO 7/13/1999 A no 26.2 DBH 53.8 D F 

385 7/13/1999 B 

390 129 PIPO 7/13/1999 A too 42.7 DRC 70.0 D F 

391 129 PIPO 7/13/1999 A 46 22.2 DBH 72.4 L G 

459 115 PIPO 7/11/1999 A 176 41.4 DBH 53.7 D S 

459 7/11/1999 B 

460 133 PIPO 7/8/1999 A 273 40.4 DBH 31.0 L F 

460 7/8/1999 B 

461 115 PIPO 7/11/1999 A 175 49.7 DBH 59.8 D P 

461 7/11/1999 B 

462 133 PIPO 7/8/1999 A 264 44.6 DBH 52.6 L P 

464 130 PIPO 8/18/1999 A 240 6.5 DBH 69.0 D S 

464 8/18/1999 B 

466 130 PIPO 8/18/1999 A 57 13.0 DSH 67.0 D P 

467 130 PIPO 8/18/1999 A 27 38.3 DBH 61.5 D F 

789 153 PIPO 7/10/2001 A 188 65.5 DBH 45.0 D S 

790 146 PIFL 7/8/2001 A 238 27.3 DBH 22.9 D P 

793 153 PIFL 7/11/2001 A 20 50.3 DSH 26.2 D P 

794 153 J use 7/10/2001 A 42 44.5 DBH 15.5 D s 

794 7/10/2001 B 

795 153 PIPO 7/10/2001 A 105 44.2 DBH 262.0 L p 

796 146 PIFL 7/8/2001 A 256 14.7 DBH 34.2 D F 

797 146 PSME 7/10/2001 A 172 29.5 DSH 74.1 D P 

800 153 PIFL 7/11/2001 A 228 53.9 DSH 40.3 D P 

943 142 PIPO 7/11/2001 A 80 38.4 DBH 34.5 L F 

944 142 PIPO 7/11/2001 A 212 49.0 DBH 62.0 D s 

946 142 PIPO 7/11/2001 A 280 36.3 DBH 24.0 D F 

947 142 PIPO 7/1I/200I A 345 19.7 DSH 41.0 D P 

948 142 ABCO 7/11/2001 A 220 18.8 DSH 39.8 L G 

949 132 PIPO 7/11/2001 A 108 46.8 DBH 67.3 D s 

950 132 PIPO 7/11/2001 A 106 56.0 DBH 49.0 D F 

951 132 PIPO 7/11/2001 A 334 25.2 DBH 17.9 D S 

952 132 PIPO 7/11/2001 A 328 19.5 DBH 19.5 L F 

953 132 PIPO 7/11/2001 A 250 12.1 DBH 65.0 L E 

954 122 PIPO 7/12/2001 A 190 22.2 DBH 19.0 L F 

955 122 PIPO 7/12/2001 A 288 69.8 DBH 59.0 D F 

956 103 PIFL 7/13/2001 A 135 . DBH 13.0 D F 

957 103 UNK 7/13/2001 A 25 24.8 DBH 49.0 D F 
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958 116 PIPO 7/14/2001 A 173 25.1 DBH 55.1 D S 

959 116 PIPO 7/14/2001 A 109 25.4 DBH 50.0 D F 

960 116 PIPO 7/14/2001 A 100 46.0 DBH 64.0 D S 

961 106 PIPO 7/14/2001 A 83 26.5 DBH 71.5 D P 

998 106 PIPO 7/14/2001 A 131 20.7 DSH 38.0 D P 

999 132 PIPO 7/11/2001 A 234 42.7 DBH 17.5 L F 

1000 153 PIFL 7/10/2001 A 355 7.5 DBH 30.4 D S 

1609 106 PIPO 7/14/2001 A 328 28.9 DBH 48.0 D F 

1610 106 PIPO 7/14/2001 A 299 57.0 DBH 25.7 L G 

1611 106 PIPO 7/14/2001 A 307 53.3 DBH 42.0 D S 

1612 116 PIPO 7/14/2001 A 273 17.5 DBH 65.3 D P 

1613 116 PIPO 7/14/2001 A 296 16.3 DBH 46.0 D F 

1614 102 PIPO 7/13/2001 A 194 42.4 DBH 90.6 L F 

1615 102 PIPO 7/13/2001 A 164 44.2 DBH 48.0 D F 

1616 102 PIPO 7/13/2001 A 268 25.5 DBH 92.9 D S 

1617 102 PIPO 7/13/2001 A 260 54.3 DSH 67.0 D P 

1618 102 PIPO 7/13/2001 A 160 55.3 DSH 50.0 D P 

1618 7/13/2001 B 

1619 102 PIPO 7/13/2001 A 148 42.0 DRC 47.0 D P 

1620 112 PIPO 7/13/2001 A 40 59.0 DBH 67.9 L F 

1621 112 PIPO 7/13/2001 A 40 52.7 DBH 38.0 D S 

1622 112 PIPO 7/13/2001 A 90 33.7 DBH 40.0 D F 

1623 112 PIPO 7/13/2001 A 85 21.0 DBH 44.0 D F 

1623 7/13/2001 B 

1624 112 PIED 7/13/2001 A 56 17.8 DBH 30.3 D F 

1625 112 PIPO 7/13/2001 A 318 39.5 DBH 41.0 D F 

1626 112 PIPO 7/13/2001 A 256 39.9 DBH 37.0 D F 

1626 7/13/2001 B 

1627 112 PIPO 7/13/2001 A 200 12.7 DBH 29.3 L G 

1628 112 PIPO 7/12/2001 A 216 4.3 DBH 18.0 D F 

1629 122 PIPO 7/12/2001 A 236 30.1 DBH 40.0 D P 

1630 122 PIPO 7/12/2001 A 108 5.2 DBH 66.2 D F 

1630 7/12/2001 B 

1631 138 PSME 7/12/2001 A 74 28.7J D F 

1631 7/12/2001 B 

1631 7/12/2001 C 

1632 138 PIFL 7/12/2001 A 90 30.7 DSH 60.0 D P 

1632 7/12/2001 B 

1633 138 PIFL 7/12/2001 A 240 27.4 DSH 36.0 D S 

1634 157 PIPO 7/11/2001 A 134 33.8 DBH 72.0 L G 

1635 157 PIPO 7/11/2001 A 160 11.2 DBH 14.5 L P 

1638 148 PIFL 7/11/2001 A 282 30.4 DSH 24.0 D S 

1639 148 PIPO 7/8/2001 A 24 57.3 DBH 47.5 D P 

1640 148 PIPO 7/11/2001 A 334 39.7 DBH 56.3 D S 

1641 148 PIFL 7/8/2001 A 2 37.0 DBH 20.0 L P 

1641 7/8/2001 B 

1642 148 ABCO 7/11/2001 A 320 31.0 DBH 39.1 D F 

1643 148 PIFL 7/8/2001 A 347 19.7 DBH 68.5 L G 

1644 148 PIFL 7/11/2001 A 218 34.9 DBH 46.7 D S 

1645 138 PIFL 7/11/2001 A 175 36.4 DSH 67.0 D S 

1646 138 PIPO 7/11/2001 A 8 50.8 DBH 51.5 D F 

1647 138 PIFL 7/11/2001 A 29 50.7 DBH 39.0 D P 

1648 148 PIFL 7/11/2001 A 262 36.3 DBH 21.1 D S 

1649 138 PIPO 7/11/2001 A 0 36.0 DBH 21.5 D F 

1650 138 PIFL 7/11/2001 A 298 32.5 DBH 54.8 L F 

1652 153 PIFL 7/9/2001 A 228 54.0 DSH 42.0 D P 

2060 146 PIPO 7/8/2001 A 353 46.1 DBH 29.2 D S 

2062 146 PIFL 7/8/2001 A 180 46.8 DBH 55.0 D P 

2100 153 PIFL 7/9/2001 A 35 40.4 DBH 53.7 D P 

2128 146 PIPO 7/9/2001 A 176 45.7 DBH 79.6 D S 

2128 7/9/2001 B 

Totals; 

I 203 I I 246 I 
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Table 3. 

Species 

Number Percent 
collected of 

and dated Live 
dated collection collections Pet. 

Dead 
collections Pet. 

Abies concolor 

Juniperus scopulomm 

Pinus edulis 

Pinus flexilis 

Pinus ponderosa 

Pseudotsuga menziesii 

Not determined 

3 

1 

39 

147 

5 

1 

1.0% 

1.5% 

0.5% 

19.7% 

74.2% 

2.5% 

0.5% 

1 50.0% 

0 0.0% 

0 0.0% 

8 20.5% 

29 19.7% 

0 0.0% 

0 0^ 

1 50.0% 

3 100.0% 

1 100.0% 

31 79.5% 

118 80.3% 

5 100.0% 

1 100.0% 

Totals N= 198 100.0 38 19.2% 160 80.8% 



Table 4. 

0„ Q>j The set of fire dates for the zth tree or_/th CFR (̂ .v.) 
K Number of unique classes in a set 

A Area sampled, spatial extent, window size (ha) 
Ao Minimum sample area ("grain") (ha) 
a Actual area sampled within a spatial extent or window size (ha) 
AFF Annual fire frame (ha) 
ALS Among-level scaling 
CFR^, Composite Fire Record for the ith window of extent^ in multiscale analysis 
d  Density of objects (= n I A )  
E Number of events (analogous to S, species richness) 
e Events per unit time (event frequency) 
EAR Event-area relationship 
F Number of fire dates (events), analogous to S, species richness 
/ Fire fi*equency (fires time"') 

/ Arithmetic mean fire fi-equency (fires time"') = 7"' 

/wM Weibull median fire fi-equency (fires time"') = (WMPI)"'. 
I Time interval between events 

7 Arithmetic mean fire interval (= MFI = /"'). 

/ The ith sample, or the ith combination of a given window size, i= I...n 
lAR Interval-area relationship 
Ic Composite fire interval {i.e., fire interval for some CFR) 
lu Median fire interval (yr fire"') 
/m Modal fire interval (yr fire"') 
/wM Weibull Median Probability Interval (WMPI) (yr fire"') 
j  Theyth window size or extent ( j - \ . . . n )  
N Total number of objects in an overall sample area 
n Number of objects in a set 
s Number of CFR's in an accumulation function 
S AR Species-area relationship 
T Total time period of an analysis 
t  Time period of an interval, t < T  
WLS Within-level scaling 
y Scaling exponent of area in the event-area or interval-area function 
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APPENDIX A. EVENT-AREA RELATIONSHIPS: SCALE DEPENDENCE IN A 

FOREST SURFACE FIRE REGIME. 

Abstract 

Fire regimes are multidimensional characterizations of events distributed in space 

and time. I explore spatial scale dependence in five commonly used measures of central 

tendency in fire fi-equency (arithmetic and Weibull) and fire intervals (arithmetic mean 

and median, Weibull median probability interval). The event-area relationship (and its 

inverse, the interval-area relationship) constitutes a theoretical scaling model based on 

allometric and species-area functions. The slope term (scaling exponent) of the event-area 

relationship is a function of spatio-temporal synchrony of discrete events. I tested for 

scale dependence in the fire regime as an example of the event-area relationship, using 

multiscale analysis of a gridded fire history reconstruction fi-om an imlogged old-growth 

ponderosa pine forest in the Jemez Mountains, New Mexico. I analyzed the resulting fire 

history record for the 303-yr period 1598-1900, using fire records fi^om 198 annually-

crossdated trees. I created multiple-tree composite fire records for individual grid cells, 

and combined these into larger composite fire records for spatial extents of 8-288 ha 

using a moving-window approach. All metrics of the fire regime were significantly scale 

dependent, and scaling exponents significantly different from a null isometric model. The 

slope term of the event-area relationship is analogous to the scaling exponent in the 

species-area relationship, and indicates similarity in the array of fire years among 

composite fire records. The event-area slope may also provide a useful metric of climate 
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entrainment of the fire regime, which is often expressed as regional synchrony in fire 

occurrence. The Annual Fire Frame is the area within which, on average, one fire is 

expected per year; this metric may be useful for determining the departure of current 

forest conditions fi-om the historical range of variability. Our results indicate that reported 

measures of fire regimes must be explicit with respect to spatial scale, including the use 

of scale-explicit units. Because fires are based on biological production, observed 

patterns of scale dependence may reflect underlying ecological allometric relationships of 

ecosystem productivity and energetics. 

Keywords: fire regime, fire history, ecological allometry, scale dependence, event-area 

relationship, interval-area relationship, annual fire fi-ame, regional synchrony, climate 

entrainment, disturbance regime. 
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Introduction 

All ecological processes, from organismal function to ecosystem dynamics, are 

distributed in space and time. Spatial and temporal distributions can be studied and 

understood phenomenologically as a matter of pattern; they can also be interpreted 

mechanistically from the perspective of underlying processes. Both pattern and process 

can be used to understand the dynamics of an ecological system (Levin 1992; Gardner 

1998). 

Systematic variation in organism or ecosystem properties along dimensional axes 

is referred to generally as scaling. Scaling theory in ecology links variation in one 

property (for example, body mass) with variation in another (metabolic rate, life span). 

Scale dependence can be defined in this context as systematic change in an ecological 

variable along a dimensional axis, and scaling rules are mathematical expressions of 

scale dependence (Niklas 1994a; Palmer and White 1994). Mass, length (or its higher 

powers, area and volume, and fractal dimension), temperature, and time are examples of 

dimensional axes against which other variables can be scaled (O'Neill and King 1998; 

Schneider 1998; Brown and West 2000). 

Scale is a fiindamental attribute of any ecological entity, and its study has become 

an important theme in contemporary ecology (Turner, O'Neill et al. 1989; Wiens 1989; 

Rolling 1992; Levin 1992; Ehleringer and Field 1993; Niklas 1994a; Palmer and White 

1994; Gardner 1998; Peterson and Parker 1998; Schneider 1998; West, Brown et al. 

1999; Brown and West 2000). Scale enters ecological studies in two different ways. First, 

scaling relationships link ftindamental attributes of organisms and ecosystems, such as 
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organism mass, metabolic rate, lifespan, age at first reproduction, and other characters; 

similar dimensional relationships exist in plants between leaf area, xylem conducting 

area, and root volumes (Calder 1996; Brown and West 2000). This is intrinsic biological 

scaling, which exists independently of our observation. Second, scales influence 

ecological observations or measurements; for example, we might study a square meter or 

a square kilometer of forest, for a single year or a millennium. These scales of 

observation are unavoidable in ecological research and must be accounted for; indeed, a 

premise of this paper is that spatial and temporal scales of observation have a significant 

effect on measurements and characterization of ecosystem processes such as disturbance 

(O'Neill and King 1998). Scales of observation present a problem for ecological inference 

because they may (but do not necessarily) correspond to intrinsic biological scales 

(Hoekstra, Allen et al. 1991). For example, sampling species diversity in 100-ha sample 

plots within a large area of continuous forest is not necessarily equivalent to sampling 

species diversity on naturally bounded ecological or oceanic 100-ha islands. 

Scaling of disturbance regimes. Scale is recognized increasingly as an important 

component of ecological disturbance (Lertzman, Fall et al. 1998; Peterson and Parker 

1998; Romme, Everham et al. 1998; Heyerdahl, Brubaker et al. 2001; Whittaker, Willis 

et al. 2001; Fleming, Candau et al. 2002). Research into spatial scaling of disturbance 

regimes focuses on how the scale of disturbance events influences ecological variables 

such as population and metapopulation dynamics (Lancaster 1996; Syms and Jones 1999; 

Brawn, Robinson et al. 2001; Cleary 2003), alternative community states and 

successional pathways (Petraitis and Latham 1999), and hydrology (Wilcox, Breshears et 
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al. 2003). For example, asynchronized disturbances at small spatial extents are central to 

maintaining shifting ecological mosaics at larger extents, contributing to environmental 

heterogeneity, increased species richness, and scale-dependence in landscape equilibrium 

(Busing and White 1993; Turner, Romme et al. 1993; Petraitis and Latham 1999; Weiher 

and Howe 2003). 

Many types of disturbances — such as landslides, floods, hurricanes, and forest 

fires ~ occur as discrete events. Because of their episodic nature, such events can be 

delimited in space and time, and their spatial and temporal properties described and 

measured. Systematic variation in properties of disturbance along a scalable dimensional 

axis thus creates the basis for exploring the ecological allometry of disturbance. 

Theories of ecological scaling. 

In this paper I draw most directly on two bodies of ecological theory. The first, 

and most immediately relevant, is the theory of the species-area relationship (SAR) 

(Preston 1948; MacArthur and Wilson 1967; Brown 1984; Palmer and White 1994; 

Rosenzweig 1995). The species-area framework offers several advantages to the study of 

scaling relationships in ecology, including a relatively well-developed underlying theory 

for the distribution of entities in space and time (Brown 1995; Rosenzweig 1995). The 

species-area framework has been applied to a wide range of problems in ecology and 

evolution, including the diversity of oceanic islands, geographic units such as discrete 

mountain ranges, areas of suitable habitat for particular species, and the effects of 

anthropogenic reduction in contiguous habitat area. This diversity of questions suggests 
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that the species-area relationship itself may be an expression of more fundamental 

processes that influence the distribution of biological processes in space and time. 

Species-area biogeography emphasizes the detection and quantification of large-

scale spatial pattern and macroecological analysis. In this paper I extend the species-area 

relationship to include the formal relationship between area and the number and diversity 

of ecological events (such as forest fires) within a defined area. Specifically, I apply the 

methods of biogeographic scaling on space and time axes to the distribution of surface 

fire events and various metrics of the fire regime. 

The second area of theory is an emerging unified theory of organismal and 

ecological scaling (Brown and West 2000). Allometric scaling relationships (that is, 

power functions with a non-unity scaling exponent) among organismal attributes have 

been recognized for centuries, and a long tradition of research at the organismal and 

physiological level has described systematic relationships among organism mass, size, 

metabolic rate, and a number of functional and life history variables (Schmidt-Nielsen 

1988; Harvey and Pagel 1991; Niklas 1994a; Calder 1996). 

The recent development of a more general model grounded in biophysical 

processes (Niklas 1994a; West, Brown et al. 1997, 1999; Gillooly, Brown et al. 2001; 

Enquist and Niklas 2002) has extended scaling theory to properties of populations, 

communities, and ecosystems (Enquist, Brown et al. 1998; Enquist, West et al. 1999; 

Enquist and Niklas 2001). The energy-flux model unifies scaling research beyond 

organismal allometry, to include the "ecological allometry" of mass and energy flow in 

ecological communities. By linking cellular and sub-cellular processes to processes of 
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whole-organism energy use, recent scaling models provide an energetic basis for 

properties of populations, communities, and ecosystems (Silva and Downing 1994; 

Enquist, Brown et al. 1998; Enquist and Niklas 2001, 2002). 

Fire regimes are based on biological production (plant biomass). Consequently, a 

combined approach of spatial macroecology and ecosystem energetics could constitute a 

promising mechanistic framework for scaling behavior of fire regimes. In this paper I 

take the first steps toward this goal by describing the spatio-temporal scaling properties 

of a surface fire regime. 

Study objectives. 

The purpose of this paper is to develop and test a framework for applying scaling 

models to large-scale ecosystem processes. Specifically, I apply scaling analysis to 

properties of a central ecosystem process - fire - in ponderosa pine forests of 

southwestern North America. Our analysis centers on the evidence for systematic 

relationships between spatial scale and metrics of the fire regime, and whether such 

relationships may offer insight into the role of climate in synchronizing fire across 

landscapes, and ultimately into the energetics of forest disturbance. 

The fire regime is a multidimensional characterization of multiple ecological 

events distributed in space and time (see Present Study, this dissertation). In this paper I 

view fire regimes through a macroecological lens, focusing on their emergent statistical 

properties, particularly the distribution of events in space and time (Table 1) (Amo and 

Peterson 1983; Brown 1995; Falk and Swetnam 2003). 
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By estimating fire regime metrics and model parameters for composite fire 

records fi"om different sample extents, we can test directly for the influence of area 

(spatial extent) on the estimates. Multiscale analysis permits quantitative assessment of 

scale dependence in each metric individually. Scale dependence of a fire regime metric is 

indicated when its value is dependent on a dimensional axis, in this case sample area 

(Peterson and Parker 1998; Schneider 1998). 

Frequency in a discrete series is the number of events per unit time. In this study I 

test two measures of fi-equency used in fire history research. Arithmetic mean fire 

frequency (/ ) is the number of events within a defined time period (for example, fires 

century"'); / is also the inverse of the mean fire interval (/). Weibull median fire 

fi-equency (/WM) is the inverse of the modeled Weibull Median Probability Interval (/WM), 

and is the form of fi-equency generated by FHX2 (Grissino-Mayer 2001) and often cited 

in the fire history literature. I also calculate m e a n  ( I )  and median (7M) fire interval for 

each composite, in spatially explicit units of time per event (e.g., yr fire"') for a given 

area, where 7 = i. 
/ 

Frequency distributions of fire intervals can be described by a variety of 

probability distributions (Johnson 1992; Falk 2004a). I test for scale dependence in the 

Weibull Median Probability Interval (IWM), a measure of centrality that is more resistant 

than the arithmetic mean interval to outliers in the right-skewed fi-equency distribution of 

fire intervals (Johnson 1992; Grissino-Mayer 1995).The Weibull distribution is a flexible 

stress-accumulation model that has been applied to fire regimes in a variety of ecological 
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settings (Johnson and Van Wagner 1985; Clark 1990; Grissino-Mayer 1999; Falk 2004a). 

Analytical framework. 

We can define two specific scaling relationships that can be applied to a spatio-

temporal ecosystem process such as fire: 

The event-area relationship. The event-area relationship (EAR) is the 

functional relationship between the number of events and the area in which they occur 

(Falk and Swetnam 2003). The EAR is a direct analogue of the species-area relationship 

(SAR) in biogeography and macroecology. In the context of this study, the event-area 

relationship is expressed by the influence of sample area on the number of events (£) 

detected, and consequently on event fi-equency (e, events time"' area"'), such that e = f 

{A), where A is area. The functional relationship is not known a priori, although I propose 

its analytical form based on theory and test the strength of the relationship statistically by 

regression of fi-equency on area. 

Scaling rules can be observed empirically, but are more meaningfiil when 

predicted by theory and compared with an appropriate neutral model (May 1984; Milne 

1992; McKenzie and Hessl 2004). I have defined scale dependence as a systematic 

change in an ecosystem property when observed or measured across dimensional axes. 

To evaluate the event-area relationship in a given empirical case, I compare it with an 

expected value derived from a hypothetical landscape with appropriate neutral properties. 

Consider a plane of area A, with N randomly distributed objects, each of which is a 

member of distinct class K{SO K=N) (Figure 1-a). The density, D, of objects in the 
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whole area is NIA. We now sample the landscape by randomly placing windows of 

varying size, beginning with a minimum size (grain) AQ (Gardner 1998). The density of 

Because both objects and windows are randomly distributed, the mean number of 

both objects (n) and classes (k ) in randomly selected windows of unit area is c/A^. The 

mean number of objects (and classes) included in windows with any area Aj (where AQ < 

Aj < A) is fij - Kj = d Aj, Thus, in this limiting case where every object is a member of a 

unique class, the mean rate of accumulation of new classes {i.e., the slope of the area-

classes function) for the area as a whole is d, and under these conditions the collector's 

function with area for classes of objects is a power function 

n = K= d A^ 

This linear isometric (that is, with a scaling exponent of 1) function forms the 

neutral case of the accumulation of classes with area (Appendix A.l). 

Now consider a case in which K<n (i .e . ,  the number of classes is fewer than the 

number of objects), so that some objects are members of the same class (Figure 1 - b). As 

we create composite samples of successively larger areas, some objects encountered will 

be members of new classes, whereas others will be members of classes already collected. 

Consequently, although the density of objects is still d, the rate of accumulation of new 

H-
objects within the rth window of size v4o is —, and the mean density in w windows of 

A 

this size is 
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classes with area is lower. Moreover, as the collection grows larger, the accumulation rate 

continues to decline, even though the density of points is constant. Formally, this result 

occurs for the same reason as for the downward concavity of the collector's curve: the 

slope of the accumulation function is inversely proportional to the degree of similarity 

among points (Falk 2004a). It is interesting to note that similarity in accumulating sets is 

also central to the theory of island biogeography (MacArthur and Wilson 1963). 

Provided that /Q,n /q, > 0 (i.e., some classes are shared among samples) for any 

two sample areas a and b, the accumulation rate is not constant, but downwardly 

concave. The slope of the event-area function is a function of area with an exponent 0 < >> 

< 1; that is, classes can accumulate at an average rate ranging from 0 to isometrically 

with area, but not faster. In the other extreme limiting case, where 1, the first 

individual captures the only class, and the exponent of the accumulation fiinction is 0. 

Then the more general expression for the accumulation function of classes with area is 

K  =  d A ^ ,  

which is formally analogous to the species accumulation function for area. As 

with the species function, in logarithmic transformation to base a the event-area function 

is: 

loga KA = loga d  + y l o g a A .  

Because we are modeling events that are discrete in space and time with annual 

resolution, each event-year (that is, the year in which the event occurred) constitutes a 

member of a class, and EA is the total number of events detected within area A. Then EA = 



KA = d A^. So the general expression for the event-area relationship is 

Ea = dA^ or, in logarithmic transformation to base a, 

XogaEA === loga 1 +y loga^. 

Here loga d is f{A^), the number of events at the minimum resolvable area, and 

y is the slope of the log-linear function. However, comparable to Rosenzweig's (1995) 

observation, we are interested in E (the number of events detected), not loga E. In its 

arithmetic form, both d and y influence the slope of /(A). Note also that as with species 

accumulation functions, y<l means that although larger areas contain more classes, they 

contain fewer classes per unit area than small areas. This is a necessary consequence 

when not all objects are members of unique classes. If j is significantly different from 1 

(the neutral isometric expectation), then the event-area relationship is ecologically 

allometric. 

This conceptual framework is readily extended to the distribution of fire events on 

a landscape (Amo and Peterson 1983; Falk and Swetnam 2003). The objects in the 

theoretical case are plots or grid cells in which composite fire records (CFR) have been 

compiled, and classes are the fire dates in the record (Dieterich 1980b). For a given area, 

we can construct a neutral expectation in which every CFR consists of unique fire dates, 

so all O, o Oy = 0. Let Oo = Fo, the average number of fire dates per unit area (minimum 

plot size), and thus analogous to the density of classes E in the more general event-area 

form. At this point the analysis of fire regimes diverges from conventional species-area 

analysis; unlike simple spatial scaling for a given slice of time, the event-area and 
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interval-area functions have a time dimension as well, which must be controlled in order 

for the measures of F to be comparable. When fire-date richness F is divided by units of 

time, we obtain/ fire frequency, in units of fires time"'. F (fire date diversity) is 

analogous to S, species richness, but F is not interchangeable with frequency. Our 

framework predicts that it will be fire frequency (and its inverse, fire interval) that scales. 

The number of fire events detected per unit time,/ is a function of area and the 

frequency of events at the minimum sample area, so 

/ =/o^^, or 

logaF= loga/i +y loga^, with units of fires time"' area"'. The value ofj^ reflects 

the rate of accumulation of new dates with area, so 

ao 
V oc . 

dA 

If all sample areas contain the same density of unique fire dates, then for any area 

A, Fa oc a'. If, however, some fire dates are shared among plots, then the sets of fire dates 

are not completely unique {i.e., OQ n > 0), and y<\, producing a rising but 

downwardly concave event-area function. The condition >> < 1 of the fire event-area 

function expresses the scale dependence of fire frequency (fires time ') for a defined area 

and period of time when not all fire samples contain unique dates. 

The formal construction of the event-area relationship permits testable ecological 

predictions. For example, landscapes with highly synchronized fire histories across large 

areas (as is often found in ecosystems that experience high-intensity, widespread stand-

replacing fires, such as boreal, lodgepole or wet temperate coniferous forests) will have 
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high similarity of fire date sets among samples {i.e., n » 0), resulting in a 

relatively low rate of detecting additional new events as sample area increases (Amo and 

Peterson 1983). This results inj; -> 0, producing a shallow event-accumulation curve. By 

contrast, in a fine-grained, spatially and temporally patchy fire regime (such as is typical 

of pine forests of southwestern North America), <Da n is smaller, so new events 

continue to be detected with increasing area, producing a more rapid accumulation of fire 

dates with area, and y is predicted to be larger. 

The interval-area relationship. Intervals between disturbance events may be as 

ecologically significant as their mean fi*equency. A fire interval (yr fire"') represents the 

time between events; for example, it might represent the number of years between 

potentially lethal fires for a fire-sensitive seedling to establish and grow large enough to 

survive the next event. For this reason, fire intervals are widely cited and analyzed in 

literature on fire history and regimes (Kilgore and Taylor 1979; Dieterich 1980b; 

Madany, Swetnam et al. 1982; Fule, Heinlein et al. 2003), fire effects (Stohlgren 1988; 

Huff 1995), and temporal variability of the fire regime (Yarie 1981; Baker 1989; Clark 

1990; Swetnam 1992; Brown and Seig 1996; Gill and McCarthy 1998; Grissino-Mayer, 

Romme et al. 2003). 

Consider a series of disturbance events occurring along a time (number) line fi-om 

T= to to tT, where t = the year of an event, so tj is the year of theyth event, and tj.i the year 

of the preceding event (Figure 2). The intervals between events are then /= (?i-?o), {h-

/i).. .t-x-tjA, or more generally, {tj-tj.\)- Let there be n intervals between Iq and tj, then the 

total time period is the sum of the intervals 
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T = I \  + / 2  + / 3  

Because the interval has units of time event"', we use the distribution of intervals 

to characterize the fire regime. The mean of intervals I is 

1 " 

This is also equivalent to T/n, although compiling individual intervals allows 

their fi-equency distribution and temporal non-stationarity to be estimated as well as 

the global mean (Johnson and Van Wagner 1985; Johnson and Outsell 1994; Falk 

2004a). The rth central moment in the distribution of fire intervals is 

n j=\ 

(Zar 1984; Sokal and Rohlf 1995). Like frequency, intervals are in time-explicit 

units, so intervals derived from samples of different periods can be compared (although 

they cannot be assumed to be equivalent, since fire is a temporally non-stationary 

process). 

The interval-area relationship (lAR) is the functional dependence of time 

intervals between events on scale (Appendix A.2); in other words, / oc On a random 

landscape in which every object is a member of a unique class (« = K), the mean event 

interval / is proportional to area Ai, so 

IozA ' \  

a simple rectangular hyperbola. The proportionality constant is now the inverse of 

the density of events, so 
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I  =  d '^A-^  

f f V '  

V O 

with units of time event" ̂ for a defined area. Log transformation in base a gives 

loga 7 -loga d ' ^  - \ o g a  A ,  

a linear function with a maximum value at the minimum resolvable area and slope 

of-1. This constitutes the maximum rate of decrease of the mean event interval, in a 

landscape in which every plot contains a unique set of dates. Relaxing the condition that 

K=n, the more general expression is 

A-' , - l<J '<0 .  

For fire intervals, we must again add the time dimension, replacing dwith fo^, 

in units of time fire"'. Then 

7=/o'' ^"^and 

loga I  =  loga f o  ^  - y  loga A ' ^ .  Slope terms of the event-area and interval-area 

fiinctions will be negatives of each other, i.e. jea = -yiA, because of the inverse 

relationship off and I. A similar approach may be used with other measures of central 

tendency, or higher moments of the interval distribution. 
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Study site and methods. 

I applied this analytical framework to the surface fire regime of a ponderosa pine 

forest in southwestern North America, a 288-ha study area centered on Monument Canyon 

Research Natural Area (MCN), Jemez Mountains, New Mexico, USA (lat 47° 16'38" N, long 

106° 37' 30" W) (Figure 3). Elevations at the study site range from 2,438-2,560 m (8,000-

8,400 ft) above mean sea level. Topographically, MCN consists of a moderately dissected 

mesa system on the south margin of the Valles Caldera, the remains of a massive volcano 

that exploded most recently 1.2 MYA. Soils at MCN are generally derived from consolidated 

tuff and other well-drained soils of volcanic origin (Allen 2001). 

MCN is near the upper elevation limit for ponderosa pine (Pinus ponderosa) 

dominance on mixed topography in northern New Mexico (Regional forest type 122.3, 

Petran Montane Conifer Forest) (Brown and Lowe 1980). As elevation increases above this 

level, and on northerly aspects, forest communities transition to mixed-confer t3'pes (121.3, 

Petran Subalpine Conifer Forest). In MCN, mixed-conifer stands are found mostly on north-

facing slopes and drainage bottoms. More than 85% of the area is forest dominated by 

ponderosa pine (D. Falk, unpublished). 

The study area contains some of the oldest remaining ponderosa pine stands in the 

southwestern United States. MCN has been protected as a Research Natural Area since 1932 

(Swetnam 1966), and includes stands more than 400 years old. Because of its protected 

status, the fire record at MCN in unusually intact, consisting of large and old living trees and 

fallen deadwood with fire scars extending back many centuries. This degree of preservation 

makes MCN an excellent location from which to investigate properties of the natural fire 
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regime over long periods of time. The historic natural fire regime on the mesas of Monument 

Canyon consists primarily of low intensity, relatively high fi-equency, spatially heterogeneous 

surface fires. The natural fire regime has been absent for nearly a century due to the 

combined effects of grazing and fire exclusion in surrounding areas (Allen 2001). 

Field methods. In order to systematically investigate scaling properties of a fire 

regime at the scale of tens to hundreds of hectares, randomly located points, dispersed 

samples with semi-regular spacing, and systematic grids can all be used (Fule, Covington 

et al. 1997; Taylor and Skinner 1998; Niklasson and Granstrom 2000; Heyerdahl, 

Brubaker et al. 2001). I applied a systematic grid design, which offers a number of 

desirable properties including the ability to test for scale dependence in a variety of 

variables with constant density of sample points, and unbiased site location. 

Our field crew established an 8 x 9 grid of 72 points on pre-determined UTM 

coordinates 200 m on center throughout the entire 288 ha study area (Figure 4). Each 

georeferenced grid point was permanently staked to aid future relocation. In the first year 

of fieldwork we collected fire scars fi"om alternate points on the grid (horizontal lag = 400 

m); in the second year we randomly sampled additional point at 200 m lag, creating some 

areas of higher sampling intensity. 

At each sample location, we established a 0.5 ha (radius = 39.9 m) circular plot 

around the grid marker to serve as a fire-scar search area centered on each 4-ha cell. 

Within each plot, we flagged all fire-scarred trees, and then selected trees with the most 

complete visible record for sampling. Where fire-scarred trees were sparse at the grid 
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location, we allowed the search area to expand in order to capture a minimum number of 

scarred trees and recorded the distance to grid point. Where scarred trees of different age 

classes were present, we attempted to include samples of all age classes. We collected 

fire scar samples fi-om both live and dead trees, the latter including both snags (standing 

dead) and fallen logs. The inclusion of dead material tends to extend the temporal extent 

of a dendrochronological sample, in addition to minimizing the impact of sampling on 

old living trees in the study forest, while smaller live trees are sampled to capture more 

recent events (Baisan and Swetnam 1990; Swetnam and Baisan 1996; Swetnam and 

Baisan 2003). Samples from standing trees were taken as partial sections, while fallen 

trees were generally sampled as full cross-sections. In some cases, two or more samples 

were taken from a single tree if the visible pattern of fire scars appeared to change along 

the trunk axis. 

Specimen sections were dried and sanded with progressively finer grits (100 -

500,30^) to create a mirror-like surface suitable for microscopy, so that individual xylem 

cells would be readily visible in cross-section at 10-45x magnification under a binocular 

dissecting microscope. Each specimen was first fully cross-dated to determine the year of 

formation of each ring, using locally developed site chronologies of signature years 

(Dieterich 1980a; Madany, Swetnam et al. 1982). 

I examined each crossdated specimen for the presence of lesions ("fire scars") 

resulting from cambial mortality during surface fire events (Fahnestock and Hare 1964; 

Rundel 1973; Amo and Sneck 1977; Kilgore and Taylor 1979; Dieterich 1980a; Ryan 

1982; McBride 1983; Swetnam and Dieterich 1985). For each datable specimen, fire 
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dates were determined by microscopic analysis of sanded tree cross-sections, recording 

the year and seasonal position of each scar on each specimen. Scars were excluded from 

analysis if not accurately datable to year, usually because of obscured or extremely tight 

rings, rotten or damaged wood in the vicinity of the lesion, or diffuse scars that were not 

reliably attributable to a single year of ring growth. Crossdating of trees and dating scars 

from a random sample of specimens were verified by a second researcher. 

Data analysis. 

Fire year matrix. I recorded fire dates from each specimen in FHX2, a fire history 

database and analytical software package (Grissino-Mayer 1995, 2001). For each 

specimen, I recorded the beginning and end date of the record (earliest and last datable 

rings), and the year and season (if discernible) of each fire scar. Lesions caused by non-

fire events were coded separately and excluded from statistical analysis of fire events. I 

recorded periods of missing record on each tree, for example where wood had rotted or 

burned away, or where the fire-scarred surface was no longer intact (Amo and Sneck 

1977; Kilgore and Taylor 1979). 

I analyzed the MCN fire record at an annual degree of precision, which therefore 

has a possibility space of (fire, no fire) for each year. For each tree, the resulting data 

form a binary 1 x # vector where U is the ith. year in the specimen, 1 representing a year in 

which a fire was recorded, and 0 a year when no scar was recorded. 

Fire scars occurring on the boundary between two growth rings were attributed to 

fires that occurred during the season of dormancy. In ponderosa pine forests of the Jemez 
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Mountains, the onset of dormancy is generally early Fall, and lasts until the beginning of 

cambial division in early Spring (Allen 2001). During the period of tree dormancy, most 

fires occur in the arid foresummer months prior to arrival of the summer monsoon 

(Baisan and Swetnam 1990; Allen 2001). Moreover, many fire events that are recorded as 

dormant season scars are also present in the following year's earlywood, but rarely as 

latewood of the prior year. I used the seasonal distribution of scars fi-om each year to 

indicate the probable year of dormant-season fires. 

Composite fire records. Most dendroecologists do not rely on records fi-om single 

trees to reliably reconstruct the historic fire regime, preferring to compile a composite fire 

record (CFR) when performing a fire history analysis (Dieterich 1980b). The composite 

fire record is used to overcome the limitations of individual trees as ecological recorders 

by reducing the probability of a Type II error of inference (Falk 2004b). The composite 

fire record is a census of fire years from a defined area (Stokes and Dieterich 1980), and 

includes any fire event recorded by any tree within the composite set. I combined fire 

dates from multiple specimens of a single tree into a free-level record, and fire dates from 

multiple trees within a plot into a composite fire record for that plot (Figure 5). I used the 

resulting CFR matrix for each site in all subsequent analyses. The total set of CFR's for 

all sampling locations forms an « x f (sites x years) binary matrix analogous to that for 

individual trees, where rij is theyth CFR. 

The use of a composite fire record has spatial consequences: since trees Eire 

distributed in space, a composite record from multiple frees represents the fire record for 

some area larger than an individual free. I created composite fire records of all frees 
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found within the 0.5-ha search area (12.5% of the surrounding 4-ha cell). In this study the 

4-ha cell serves as the spatial resolution or minimum spatial mapping unit for fire history 

reconstruction. 

Multiscale analysis. To assess scaling of the fire regime at MCN, I also combined 

fire records into larger spatial composites. I employed a moving window approach to 

create these larger aggregate data sets (Leitner and Rosenzweig 1997; Gardner 1998). In 

a laboratory geographic information system (GIS), I placed symmetric windows (height = 

width) of pre-determined extent {Aj) over a set of grid cells; for example, a 16-ha window 

would encompass four 4-ha cells, a 36-ha window would encompass nine cells, and so on 

(Figure 6). All fire records within the window fi-ame were then combined to create a new 

composite fire record, CFR^/, consisting of all events recorded by any tree within the total 

area encompassed by the /th window of A extent. I restricted window placement to those 

locations that would generate new combinations of whole grid cells. By repeating this 

procedure with different window sizes, I assemble a set of multiscale fire records with 

extents ranging fi-om 4 (single grid cells) to 288 ha (entire study site) (Table 2). 

I tested for scale dependence in five widely used fire regime metrics (Table 1) for the 

MCN fire record using all valid CFR^, combinations. I corrected fire regime estimates for 

sample size fi-om each composite prior to use in the multiscale analysis (Falk 2004b). For 

every CFR^„ I generated an estimate of each fire regime metric. I then used logs of these 

estimates as response variables in Type IOLS linear regression against log-transformed 

values for area (spatial extent or window size), in order to assess the effect of spatial 

extent on each fire regime measure. I generated confidence intervals for the estimates of 



the slope terms and tested for significant differences fi-om the neutral landscape model. 

Finally, I examined the functional form of these relationships as expressions of event-

area and interval-area relationships. To maintain sufficient sample size, I limited the 

analysis a priori to the period when at least half of the grid cells were recording, and 

prior to regional disruption of the natural fire regime in the early 20*'' century (Falk 

2004b). 

Results 

Establishment of the fire history record We collected samples fi-om 203 trees 

in 50 grid cells within the study area. 35 of the grid cell collections created the target 

array of sampled cells at a maximum 400 m lag distance; we sampled 15 additional 

points to create areas with finer spatial resolution (200 m lag). Crossdating was 

successful in establishing annually accurate dates on 98% of sampled trees (198 of 203 

collected). 

The total temporal extent of the dated ring record at MCN is the 648 yr period 

1354 - 2001 (Table 3). Individual tree annual ring series ranged fi-om 75 - 598 yr in 

length (mean ± s.d. = 273 ± 91 yr). In all, we dated more than 53,700 annual rings for this 

study. 

Temporal extent and sample depth. The annually resolved fire record at MCN 

spans the 532 yr period 1450-1981 (Table 3). Based on analysis of sample size effects, I 

found that a sample of > 40 trees and >25 grid cells recording was sufficient to estimate 
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measures of the fire regime for the site as a whole (Falk 2004b). This sample size was 

attained for the site beginning in 1598. Few fires occurred in the 20"* century due to the 

combined effects of grazing and fire suppression (Swetnam and Baisan 1996; Allen 

2001), and the open-ended time interval since the last fire is not included in analysis. 

Consequently, unless otherwise specified, our analyses are for the period 1598-1900. The 

fire record was converted to a binary matrix for further analysis (Table 4). 

Major fire years at MCN. 1 identified 143 fire dates in MCN after 1598, of which 

128 fell into the analysis period 1598 - 1900 (Table 5, Figure 7). The proportion of trees 

recording individual fire dates varied by year, and certain fire years are much more 

common than others in the site fire history record. For the period 1598-1900, the five 

most commonly recorded fire dates were 1801,1861,1745,1763, and 1773, which were 

recorded in 86%, 82%, 81%, 81%, and 79% of grid locations respectively (Table 6). The 

rank-abundance relationship of fire years by percentage of sites recording each year's 

event was well fitted (r^ = 0.97) by both exponential (log pet sites with fire = 72.67e'° 

rank) and semi-logarithmic (log pet sites with fire = 4.26 - 0.03 rank) fiinctions (Figure 

8). The median rank of the 143 events was an event recorded in 8% of grid cells; only 

14% of fires (20/143) were recorded in > 50% of sites in the study area, and only 3% in > 

80% of sites. 

Multiscale analysis of fire regime statistics. We created 238 unique combinations 

of sample size-corrected CFR's ranging fi-om 50 individual grid cell records to a single 

composite record for the entire study area (Table 2). CFR's varied in temporal duration 

(mean ± s.d. = All ± 88 yr); however, estimates of fire regime metrics were not 
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significantly affected by the duration of the composite record in each cell (all <0.02, 

0.38 < p (slope) < 0.71), indicating that the periods of analysis were long enough to 

eliminate the effect of starting and ending dates of recording periods. 

All fire regime variables were scale dependent (Table 7) on area. All slope terms 

were highly significant (p < 0.001) and significantly different fi-om the isometric neutral 

model. 

Event-area relationships. 

a. Arithmetic mean fire fi-equency ( f ) .  A s  the spatial extent of sampling 

increased, the number of fire events detected increased monotonically, resulting in 

increasing arithmetic mean fire fi-equency (Figure 9-a). Sample size-corrected estimates 

of / (mean ± 1 s.d.) varied fi^om 8.9 ± 2.6 fires century"' in individual grid cells (range 

4.6 - 16.6) to 30.3 fires century"' for the study area as a whole. Frequency scaled as 

(exponent ± 0.01), significantly different fi-om the null isometric model (p < 0.001). A 

fitted log-log regression accounted for 80.2% of variation in arithmetic mean fi-equency. 

b. Weibull median fire frequency (/WM) responded similarly to extent, 

varying fi-om 9.4 ± 2.6 fires century"' in individual grid cells (range 4.3 - 16.3) to 28.0 

fires century"' for the study area as a whole. Fitted log-log regression with a scaling 

exponent of 0.27 ± 0.01 accounted 80.0% of variation in Weibull median fi^equency 

(Figure 9-b). 

Interval-area relationships. 
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a. Mean fire interval (I) for composites varied from 12.4 ±3.9 (range 4.0 -

23.3) yr fire"' in individual grid cells to 3.3 yr fire"' for the study area as a whole (Figure 

10-a). Log-log regression on area accounted for 78% of variation in estimates of mean 

intervals (7 oc y + 0.01). 

b. Median fire interval (I^ estimates for individual grid cells averaged 9.6 ± 

3.1 (range 4.4 - 17.7) yr fire"', compared to 2.0 yr for the fiill study extent (Figure 10-b). 

The slope of the interval-area exponent ± 0.01, = 0.81) function was 

significantly different from the isometric neutral model. 

c. Weibull Median Probability Interval f/wW estimates ranged from 11.7 ± 

3.9 (range 3.6 - 22.9) yr fire"' in individual grid cells to 3.6 yr fire"' for the study area as a 

0 27 2 whole (Figure 10-c). /wm scaled as A' (exponent ± 0.01, r adj = 0.76). 

Discussion 

Our results demonstrate that there is no characteristic "fire frequency" or "fire 

interval" independent of scale. All metrics of the fire regime were strongly scale-

dependent, and significantly different from the neutral isometric model. 

Slopes of the event-area and interval-area functions can vary between their 

theoretical limits of 0 and | 1 I respectively. The exponent y reflects (and is inversely 

proportional to) the similarity in sets of objects distributed across the landscape. Where 

OQ n Oft » 0 {i.e., a high degree of similarity in fire dates among plots across the 

landscape), new dates accumulate slowly, and for a given time period,/increases slowly 
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{i.e.,y —> 0). By contrast, in a patchy, fine-grained landscape with many small unique 

events, increasing area detects new events more rapidly, and y approaches the theoretical 

limit of 1. Thus, it is likely that fire size plays an important role in setting the range of 

values ofjv for a given ecosystem. 

The slope of the event-area function (y) is analogous to the exponent z in the 

power form of species-area relationships. A power function represents both the E-A and 

I-A relationships well, where event frequency is allometrically proportional to area as e oc 

A^,0<y<l.ln the sample data set tested here, I found 0.27 < < 0.30, which is 

comparable to species accumulation rates for multiscale samples of small areas, such as 

species richness in sample plots (Rosenzweig 1995). 

The behavior of the event-accumulation and event-area functions indicates a 

robust homology of fire-event scaling and species-area relationships. Like species, 

surface fires are distributed patchily on the landscape, occupying favorable conditions of 

topography and vegetation. Moreover, the landscape is not everywhere unique in its fire 

history, as is the case with overlapping species distributions (Nekola 2001). The 

df f 
upwardly asymptotic event-area power function (— > 0, —5- < 0) analogous to the 

dA oA 

species-area relationship results from the declining capture rate of unique events as extent 

increases. The corresponding negatively sloped interval-area function (A'^) follows from 

the EAR, although there is no obvious analogue in species-area relationships. The 

intriguing similarity in values of the scaling exponent to commonly-observed values of 

z in species-area scaling suggests that fires may be regulated by some of the same forces 
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that regulate the abundance of species, such as topographic richness, climate variation, 

and the spatial distribution of suitable "habitat" (Cousins 1989; Currie 1991; Rosenzweig 

1995; Enquist and Niklas 2001; Allen, Brown et al. 2002). 

Different factors appear to influence the jv-intercept of the interval-area function. 

Theoretically, the };-intercept provides a point (a) estimate of fire occurrence at the 

minimum scale of an individual tree bole (i.e., AQ, not^ = 0). Because of heterogeneity in 

fine-scale fire behavior and incompleteness of individual tree records, point frequencies 

or intervals cannot generally be estimated directly from empirical data collected at that 

scale. In the MCN ecosystem, many sample plots smaller than 0.5 ha would have too few 

frees from which to compile a reliable composite record, particularly in areas where trees 

are sparse, or on level terrain where the directionality of fire and fuel accumulation (and 

hence scarring rates) are less consistent. If log-linearity of the EAR and lAR is assumed, 

the scaling fianctions can be extrapolated to the scale of a limited radius around the basal 

area of an individual tree where a surface fire could cause scarring. For typical surface 

fire behavior, the radius of scarring events is on the order of 1-2 m from the bole of the 

tree. Thus, fire scars from surface events could reflect processes over an area of «10 m , 

or approximately 10" ha. 

However, at this scale variance among trees in surface fire severity is large. In 

addition to scale effects on mean values for fire regime metrics, fire fi-equencies and fire 

intervals are more variable at small spatial extents than for larger areas; 

maximum/minimum ratios among individual grid cells were 3.6 - 3.8 for fire frequency 

and 4.0 - 6.4 for metrics of cenfral tendency in fire intervals. 
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Variation at the smallest spatial scale reflects the underlying spatial heterogeneity 

of surface fires as an ecological process. In a spatially patchy surface fire regime, the 

spread of relatively low-intensity events over a heterogeneous landscape reflects the local 

distribution and moisture of biomass (fuel), weather (particularly windspeed and 

direction), and the influence of micro- and meso-topography (Dieterich 1980a; Finney 

1999; Miller and Urban 1999). Higher-intensity events are also governed by these 

variables, but low-intensity events such as surface fires respond to finer levels of spatial 

and temporal variability precisely because the energy of the fire event is less extreme. For 

example, fine fuel biomass production (needles and cured grasses) in ponderosa pine 

forests is typically on the order of 0.36 - 0.39 kg m"^ yr"' (Agee 1993), and fine fuel loads 

are in the range of 2.2 - 3.5 kg m'^ (mean ± s.d.) (Sackett and Haase 1996). Spatial 

variation in fine fuel mass can affect the intensity and rate of spread of a surface fire 

burning primarily in open ponderosa pine litter, whereas this degree of variation will have 

little or no effect on the behavior of a more intense crown fire burning under more 

extreme conditions (Andrews, Bevins et al. 2003). The result is a higher degree of spatial 

patchiness in surface fires in the Southwest than for crown fire regimes typical of 

lodgepole pine or coniferous rainforest ecosystems, where mean patch sizes are larger 

and more homogeneous (Romme 1982; Kotliar, Haire et al. 2003). In general, abundance 

and spatial heterogeneity of small fire events (Figure 8) appear to control the intercept of 

the EA and lA fiinctions most strongly. 

Ecologically, the interval-area function expresses the distribution of fire events in 

space and time. The negative slope of the function indicates the rate at which mean time 
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between fires declines with increasing area. Processes that are strongly affected by rates 

and scale of disturbance, such as seed dispersal, seedling establishment and survival 

though potentially lethal events, and metapopulation dynamics will thus be influenced by 

scale dependence of fire intervals. Scale-dependence in the fire regime highlights the 

importance of characterizing the fire regime at a scale that matches an ecological 

phenomenon of interest. For instance, if seedling survival/mortality during surface fire 

events is the response variable of interest, the relevant scale at which to characterize fire 

intervals is on the order of a few square meters, whereas if the focus is the vegetation 

mosaic, the fire regime needs to be characterized at scales of hundreds to thousands of 

hectares. 

Event-area and interval-area slopes as indices of spatio-temporal synchrony. 

These observations suggest more generally that some proportion of variation in reported 

fire fi-equencies for similar forests may be attributable to sample area as well as sample 

size (Falk 2004b). The EAR and lAR fi-om different ecosystem types, when area and 

sample size are controlled, provide a metric of characteristic spatiotemporal synchrony 

(Amo and Peterson 1983). Specifically, we can predict a lower scaling exponent jv in 

more coarse-grained, high-intensity, stand-replacing fire regimes (C. Miller, 

unpublished). Meta-analysis of published studies would provide a valuable data set for 

the effects of scale over a broader geographic domain. 

The value of y (as for the value of z in the species-area function) reflects the 

diversity of fire dates among locations both within (a-diversity) and among (/^-diversity) 

sites (Brown and Lomolino 1998). In ecosystems where the fire regime tends toward high 
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spatial heterogeneity (small patch sizes and uneven spatial distribution of fire events, 

resulting fi-om multiple ignitions and constrained spread of individual events), the slope 

of the event-area function will be more steeply positive than in systems where bum patch 

sizes are large and contiguous (Amo and Peterson 1983). The slope of the EA function 

reflects this aspect of the fire regime because progressively larger spatial samples 

continue to add new events to the sample. By contrast, in ecosystems where fires tend to 

be widespread and patch sizes are large and contiguous, the EA function will have a 

flatter slope, because fires that occur anywhere occur everywhere, and fewer new events 

are detected for a given increase in area sampled. Hence, the slopes of the event-area and 

interval-area functions provide indices of spatio-temporal synchrony of events for a 

defined area. 

The scaling exponent is thus a metric of spatio-temporal synchrony of the fire 

record in space and time. This exponent differs conceptually firom z in species 

biogeography (although they are mathematically similar) in that it reflects event richness 

and similarity across both space and time (whereas z is typically for spatial comparisons 

within a single time period). Thus, y can serve as an index either for multiscale 

comparison of areas for a defined period of time, or for the effects of temporal 

partitioning of the record within a defined area. 

In the present study, I calculated slopes of the event-area and interval-area 

functions for the entire period of record for which adequate sample size was present. 

However, it follows fi"om our interpretation of the effects of fire conditions and resulting 

fire behavior that the slopes of these functions may change over time, reflecting different 
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degrees of spatio-temporal synchrony. 

The most likely candidate explanation for regional synchronization of the historic 

fire regime is interannual variation in synoptic climate (Swetnam 1990; Veblen, 

Kitzberger et al. 2000; Westerling, Brown et al. 2001; Swetnam 2002; Heyerdahl and 

Alvarado 2003; Swetnam and Baisan 2003). In southwestem North America, interannual 

climate is regulated in large measure by the El Nino Southern Oscillation (ENSO). 

Reconstructed values for the Palmer Drought Severity Index (PDSI) in northern New 

Mexico for the period 1700 - 1900 (Cook, Meko et al. 1999) were significantly lower 

during MCN fire years than in non-fire years (2-tailed unpaired /-test,/? < 0.0001; Falk, 

unpublished). Longer-phase climate variability may also govern fire spread patterns, 

setting the stage for occasional years when fires are very widespread across the 

landscape. Interaction of ENSO with the Pacific Decadal Oscillation (PDO) and the 

Atlantic Multidecadal Oscillation (AMO) generate strong decadal variation in moisture 

and temperature, leading alternately to periods of cool, wet weather or prolonged drought 

(Nigam, Barlow et al. 1999; Heyerdahl, Brubaker et al. 2002; Baker 2003; McCabe, 

Palecki et al. 2004). 

We can formulate testable predictions of the effect of climate entrainment of the 

fire regime on the event-area and interval-area functions. These predictions can be tested 

by partitioning the fire history record temporally, stratifying the time series by (for 

example) ENSO-PDO phase space. The onset of a multi-year drought, following a period 

of above-average tree growth and fuel accumulation, creates the conditions for multiple, 

synchronous fires across the landscape. During strong La Niiia periods, when fires are 
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more widespread and synchronous across the landscape, the event-area function should 

be relatively flat, because few new events are detected as sample extent increases (Figure 

11). By contrast, during intervening periods of cool, wet weather, surface fires will not 

spread as readily across natural topographic barriers and fuel breaks, resulting in a mosaic 

of small, patchy events mostly reflecting local fuel conditions and local ignitions. These 

conditions would give the EAF a steeper slope, reflecting a more heterogeneous fire 

regime in space and time. A similar analysis could be applied by partitioning the fire 

record by the magnitude of interannual climate variation, which has been shown to be 

correlated with periods of strong and weak regional fire synchrony (Swetnam and 

Betancourt 1998; Heyerdahl, Brubaker et al. 2002). 

Management implications. Scale-dependence in the metrics used to describe the 

fire regime may have important implications for applied fire ecology and ecosystem 

management. For example, if prescribed fire return intervals are determined using data 

collected from one scale, but applied to a managed forest system at a different scale, the 

resulting managed fire regime could have inappropriately short or long intervals 

depending on the slope of the event-area or interval-area function. In this study, I found 

mean intervals between fire years in 4-ha grid cells (12.4 yr fire"') some fovir times longer 

than those for the study area as a whole (3.3 yr"' fire"') for 288 ha"\ and longer still for 

individual trees or clusters. Estimation of / and its variance for a scale similar to a 

proposed forest management unit could help ensure that a managed fire program would 

approximate the temporal pattern of the natural fire regime. 

Another practical consequence of the non-isometric scaling behavior of fire 
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regimes is the importance of using scale-explicit units to report fire history data. Because 

both fire frequency and interval are scale-dependent, the correct scale-explicit units are 

events time"' area"' (e.g. fires century"' 100 ha"') for frequency, and time event"' area"' 

(e.g., yr fire"' 100 ha"') for fire intervals. However, since fire regimes do not scale 

isometrically, estimates from one scale cannot simply be standardized to a single scale-

corrected unit (Romme 1982). Misinterpretation of the historic fire regime can be 

avoided by the use of scale-explicit units (Table 1) for fire regime variables, and by 

reporting sample density, extent, and area sampled within the search extent in published 

fire history studies. This applies to other metrics of the fire regime for which the scale of 

data aggregation should be calculated and reported routinely. 

Annual fire frame. The interval-area function allows estimation of another 

potentially interesting statistic, the annual fire firame (AFF), which can be defined as the 

area within which, averaged over long periods of time {e.g. decades), we expect to find at 

least one fire per year. The AFF is estimated by extrapolation of the lAF, in this case to 

its intersection with the line / = 1 (Figure 12). For example, the AFF for the Monument 

Canyon study area is on the order of 10,000 - 12,000 ha. Note that the^-confidence 

bands around the lAF regression line translate into bracketed estimates on the x-axis, so 

that the estimate of AFF should be accompanied by an appropriate confidence interval. 

The AFF could serve as an indicator of overall departure of the current fire regime 

at the landscape scale compared to pre-suppression fire regimes (C. Miller, Aldo Leopold 

Wilderness Research Institute, Missoula, MT, unpublished). For instance, when fires are 

actively and effectively suppressed across a landscape, the AFF will increase (that is, a 
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larger area must be included in order to capture a fire event each year on average). This 

increase can be associated with either of two changed behaviors of the lAF. First, the 

AFF can increase because the slope of the lAF is shallower (less negative), indicating 

that fires are now more widespread than under natural conditions. This might reflect 

suppression of smaller fires in intervening years between major widespread fire years, 

thus increasing mean fire size. The AFF can also increase when fire intervals in small 

areas have increased with no change in larger-scale synchrony, due to suppression of 

small events. Like the EAF and lAF, the AFF is expected to fluctuate during climatic 

phases, which affect the lAF slope. The AFF remains an interesting area for further 

comparative research with potential management and scientific applications. 

Fire regime scaling, ecological allometry, and ecosystem energetics. Scaling 

rules for fire regimes reflect processes that govern the behavior of fires in space and time. 

Unlike the relatively strict allometry of organismal mass and metabolism, scaling rules in 

landscape disturbance processes reflect complex interactions of probabilistic and 

deterministic relationships at multiple scales and across hierarchical levels. Fires are 

complex and stochastic events at all scales, ranging fi-om physical processes at scales of 

molecules to the behavior of fire systems operating over entire watersheds and 

landscapes, reflecting wide variability in fiiel loads, weather conditions, and topography 

(Johnson 1992; Finney 1993, 1999; Johnson and Miyanishi 2001). Nonetheless, the 

existence of relatively stable scaling relationships suggests that when stochastic 

variability is averaged over entire landscapes, fire regimes may converge toward 

underlying scaling rules. In this regard, the scaling of fire regimes is similar to other 
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observed macroecological patterns, where the distribution of multiple events in space and 

time indicates the operation of underlying unifying forces (Brown 1995). 

Many forms of ecological disturbance involve a combination of biotic and abiotic 

transformations of energy and matter. Because fires are based on fuels that originate as 

biological production, properties of the fire regime should relate directly to ecosystem 

productivity, and thus scale accordingly. The primary fuels for surface fires in the 

ponderosa pine system are the dried foliage of bunchgrasses and fallen tree needles, 

which form the litter and duff layers. Interannual variation in precipitation and 

temperature modulates production of canopy and surface fuels, as well as regulating fuel 

moisture, resin production, and other factors that influence fire behavior and scarring 

rate. Thus, the magnitude of a fire is a function of net primary productivity (NPP = net 

biomass accumulation + litterfall) and interannual climate variation. 

Since ecosystem productivity can be tied allometrically to plant, tissue, and 

cellular processes of energy flux, the spatial and temporal distribution of fires (viewed as 

energy conversions) may be governed ultimately by similar ecological allometric 

relations. The proximate explanation for systematic scaling rules in fire regimes thus 

retums to the canonical "fire triangle" of climate, vegetation patterns and ecosystem 

productivity, and the physiographic substrate (Agee 1993). To a great extent these 

variables determine the behavior of individual fire events, and more generally the 

properties of the fire regime. Knowing the area-dependence of fire as an ecosystem 

process may allow us to link directly to such other ecologically scalable properties as leaf 

area and net armual production. 
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More generally, these relationships allow us to see fires as a redistribution of the 

net primary productivity of an ecosystem, or as accelerated decomposition of 

accumulated biomass. Since fires bum accumulated biomass, it follows that the rate at 

which fires occur must be proportional to the annual biomass increment in an ecosystem. 

Clearly, where annual productivity is too low (in deserts, for example), fires are unlikely 

to ignite and spread except under unusual circumstances. As ecosystem productivity 

rises, the mass of fine fuels increases. However, as productivity continues to increase, we 

encounter an important nonlinearity: in ecosystems of very high productivity, fire 

fi"equency declines again, due largely to decreased air temperatures and increased fiiel 

moisture (Agee 1993). Most probably, multiple processes interact to produce the 

observed modal distribution of fire fi"equency and NPP (Martin 1982). 

The scaling relationships reflected in ecosystem processes (such as disturbance) 

and allometric relationships observed in organisms may in fact derive from a common 

underlying process in which energy is the universal currency (Brown 1995). The scaling 

of ecosystem processes would appear to contrast with evolved organisms: since 

ecosystems are not subject to natural selection, their scaling should reflect only the 

physical energetics of flows of energy and matter. However, these ostensibly divergent 

processes may be manifestations of the same underlying process: in both cases the 

underlying constraints are physical (or biophysical) properties of distributed networks 

and the minimization of physical energy gradients. In the case of organisms, energy and 

materials are distributed through networks that have a set of recognized properties (such 

as maintenance of cross sectional area among hierarchical levels). These mechanisms of 
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energy distribution ramify beyond properties of individual organisms to allometric 

scaling laws for populations, communities, and ecosystems. 

Do fires redistribute biomass energy in a forest through distributed networks? 

Ecosystem processes that involve the redistribution of energy and mass may work in 

much the same way as their biological analogues. Organisms rising to physical constraint 

lines, and ecosystems descending to similar constraints, may follow a single set of 

underlying rules of energy transformation. 

These relationships suggest a potentially fundamental connection between the 

scaling of population density and biomass production, and the dynamics of fire as an 

ecological energy transformation (Rolling 1992; Johnson and Miyanishi 2001). An 

energetic perspective may be relevant to interpreting the scaling behavior of ecosystem 

processes involving the conversion of biomass, of which the fire regime in the present 

study is an example. This view of disturbance as energy treinsformation provides a basis 

for linking disturbance to energy-based theories of ecological allometry. 
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APPENDIX A.I. POWER LAWS IN SCALING RELATIONSHIPS. 

Power relationships of variables are common in many areas of biology, including 

species area relationships (Arrhenius 1921; Preston 1960,1962; Perry and Taylor 1985; 

Rosenzweig 1995; Keitt and Stanley 1998; Nekola and White 1999), evolutionary 

dynamics (Sole and al 1996; Sole, Manrubia et al. 1999), ecosystem production, 

population density and size-density relationships (Weller 1989; Lonsdale 1990), body 

size and growth rate (Niklas 1994b), and a wide range of organismal properties and 

functions (Schmidt-Nielsen 1988; Brown, Marquet et al. 1993; Brown and West 2000). 

Scaling relationships of variables can be expressed as power functions (Patel, 

Kapadia et al. 1976; Schneider 1998; Evans, Hastings et al. 2000) of the form 

yx=y<^x' '-

The term yo is a normalization constant, so the power function can be restated 

which emphasizes the constant relationship of the dependent variable to the power 

variable (Hayek and Buzas 1997). With logarithmic transformation of variables, the 

power function is a linear equation, 

log„ = log, j^o + ftlog^x. 

Here again the power function expresses the constant-ratio relationship (b) of log-

transformed variables, which can be seen by solving for the slope term 

^ yx - logg >^0 
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\ f  y = f{x) = cx' ' , then the relationship between y and x holds for any x, and b is 

the scaling exponent. Thus, power functions express the scale-dependence of the value of 

/(x), and simultaneously the scale-invariance of the underlying relationship between 

variables (Hastings and Sugihara 1993; Schneider 1998; Harte 2000). Scaling 

relationships in which the power exponent is 1 are said to scale isometrically; allometric 

scaling has an exponent other than 1 (Schneider 1998). 
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APPENDIX A.2. SLOPE OF THE INTERVAL-AREA RELATIONSHIP. 

Area dependence in the mean event interval is estimated similarly to event 

_ J « 
frequency. Let J = —/I 

n /=! ' 

the mean time between events in a sample. Then for an area A = a, 

la = 7o Ay,y<0, 

equivalent in logarithmic transformation in base a to: 

loga la = loga h -ylogaA. 

(grain), 

However, for Io we substitute /min, the interval at the minimum spatial resolution 

loga la = loga Imm-y log^A. 

Solving for 

loga ~ ^ ̂  

lOga^ 

the instantaneous rate of change in the mean event interval with area. For any two 

areas and ^2 (Schneider 1998), 

y 
^l0g,/min-l0g^/2^ ^ 

log„ A2 

- \ 

log^ /min -l0g„ 11 

loga A J 

the ^*min terms cancel, leaving 

log. 

V loga ^2 7 vlog„4y 
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the general rate of change in mean event interval with area. 
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Figures. 

1. Sampling neutral landscapes. Hypothetical landscapes with randomly distributed 

objects illustrate the accumulation of classes. In landscape (a), the number of 

objects (N) equals the number of classes (K), SO that each object represents a unique 

class. In landscape (b), K<N, i.e., not all objects are unique, resulting in a scaling 

exponent < 1. 

2. Sample timeline of events for a single sample or composite, illustrating intervals 

between events. 

3. Location of study site. Monument Canyon Research Natural Area (MCN, outlined 

in black, topographic view) is in the southwestern Jemez Mountains, New Mexico, 

USA (circled in regional insert). 

4. Study grid of fire history sites at MCN. Circles indicate locations of sample plots 

in each 4-ha grid cell (black lines); red circles indicate cells sampled in this study. 
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5. Composite fire record for a sample grid cell (138). Each line is the fire record 

from an individual tree; vertical tic marks indicate dated fires. The bottom portion 

of the graph is the unfiltered composite fire record (CFR) for all fires recorded on 

any tree at the site. 

6. Multiscale analysis units. Diagram of moving window multiscale design, showing 

sample combinations grid cells within windows of varying size. 238 combinations 

were used for multiscale analysis. 

7. Fire records for Monument Canyon RNA, New Mexico, by grid cell composite. 

Each line in the fire occurrence timeline is the composite fire record (CFR) for a 

grid cell. Only fires recorded by two or more trees are shown. Other symbols and 

abbreviations are as in Figure 5. The analysis period 1598 - 1900 is shaded and 

outlined in the composite plot below. 

8. Rank abundance plot of fire dates. Fire years are plotted on the abscissa in 

descending order of abundance (proportion of grid cells recording each fire date). 

9. Event-area relationship for fire events. Scaling plot for (a) arithmetic mean and 

(b) Weibull median fire frequency by spatial extent, with 95% confidence band for 

regression model (inner dashed line) and data (outer dashed line). 
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10. Interval-area relationship for fire events. Scaling plots for (a) mean, (b) median, 

and (c) Weibull median probability interval by spatial extent. 

11. Predicted response of interval-area function to changes in climate-entrained 

synchrony of the fire regime. Scaling functions for periods of time can vary from 

long-term means (black regression line and dashed red confidence interval) for that 

period of analysis. During periods when fires are more synchronous due either to 

climate entrainment or vegetation type, the I-A function has a shallower slope, 

indicating a higher degree of similarity across scales. By contrast, when fires are 

patchy and asynchronous, the slope of the I-A function is more steeply negative. 

Both the slope (y) and >'-intercept terms are variables that can be influenced by 

climate, vegetation, and fuels. Similar changes in the interval-area slope are 

predicted for vegetation types in which fires are larger and more synchronous, and 

for filtered fire data sets. 

12. Annual fire frame (AFF). The AFF is the area within which, on average, a fire 

occurs once every year (shown here with the regression line for mean fire interval). 

Confidence intervals in the regression model of mean fire interval (inner dashed 

lines) ramify to a confidence interval in the x-axis (extent). Outer dashed lines 

indicate the confidence interval for 95% of the estimates of mean fire interval. For 

MCN, the mean projected AFF is approximately 10,800 ha (C.I. = 10,100 - 11,900 

ha). 
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Tables. 

1. Metrics of the fire regime tested in this study, with equivalences and scale-

explicit units. 

2. Composite fire records for MCN. Mean area sampled, number of combinations of 

contiguous grid cells, sample size (trees), median series length (yr), and sample 

intensity (trees ha"') for each window size (extent) used to create CFR's in the 

multiscale analysis. 

3. Summary statistics for MCN fire history collection. For each sampled grid cell 

and the full study area: number of trees collected and successfully dated, inner and 

outer years and temporal extent of the ring record, and earliest and last fire dates. 

For the set of grid cells: mean ± 1 s.d. number of trees sampled and dated, irmer and 

outer years, length of record, earliest and latest fire date. 

4. Sample of binary matrix of CFR fire years for grid cells 101-142 for the period 

1838 - 1876. Years with fire scars are shown as "1", and years without fire scars as 

"0". Non-recording periods (none in this sample) would appear as blank cells. 
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5. Fire years at Monument Canyon RNA, New Mexico, USA. Percent of trees and 

grid-cell composites recording fires on two or more trees for the period 1598-2000. 

6. Widespread fire years at Monument Canyon RNA. 61 fire years during 

the period 1598 - 1900 were recorded by at least 10% of CFR's, listed in order of 

the proportion of grid cells recording each event. 

7. Scale dependence of fire regime metrics. Mean ± 1 s.d. for each of five fire regime 

metrics, by spatial extent. For each metric, the scaling exponent (y) and its standard 

deviation, and and j^-value for the fitted model are shown. Slopes of all scaling 

functions are statistically significant {p < .0001), and all exponents are significantly 

different firom the null model. Fire fi-equency is reported in units of fires century'V 
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Figure 6. 
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Figure 8. 
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Figure 9.a 
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Figure 9.b 
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Figure lO.a 
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Figure 12. 
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Table 1. 

Metrics and scale-corrected units 

Fire frequency (/): number of events time"' area"' (e.g. fires yr"' area"') 

Arithmetic fire frequency (/ = 1 / /) 

Weibull median fire fi*equency (fym = 1 / ^wm) 
Fire intervals (I): time between events area"' (e.g. yr fire"' area"') 

Mean fire interval (7=1//) 

Median fire interval (IM) 
Weibull median probability interval (/WM = 1 //WM) 



Table 2. 

Sample 
extent 
(^,ha) 

Mean 
area 

sampled 
(a, ha) 

Number of 
combinations 

used 

Min 
SS 

(trees) 

Mean 
SS 

(trees) 

Max 
SS 

(trees) 

Mean extent 
sample 

intensity (trees 
ha extent'*) 

Mean area 
sample 

intensity (trees 
ha sampled'') 

4 4 47 2 4 9 1.0 1.0 
8 8 51 4 9 15 1.1 1.1 

16 16 14 9 17 23 1.0 1.0 
20 20 13 12 18 26 0.9 0.9 
36 28 42 9 26 40 0.7 0.9 
64 50 30 31 47 62 0.7 0.9 

100 78 20 57 73 87 0.7 0.9 
144 110 12 87 104 116 0.7 0.9 
196 146 6 132 139 143 0.7 1.0 
256 184 2 170 172 174 0.7 0.9 
288 208 1 198 198 198 0.7 1.0 

TOTAL 238 
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Table 3. 

Grid cell Number Inner and Temporal Earliest fire Last fire 
of trees outer ring extent of year year 
sampled years record (yr) 

and dated 
101 4 1642-1999 358 1665 1933 
102 3 1612-1999 388 1684 1933 
103 2 1574-1999 426 1648 1880 
105 2 1624-2000 377 1648 1887 
106 5 1622-2001 380 1680 1942 
107 3 1602-1999 398 1691 1880 
109 2 1705-1999 295 1801 1929 
111 5 1354-2000 647 1450 1880 
112 9 1581-2001 421 1648 1961 
113 6 1564-2001 438 1639 1905 
115 4 1621-2000 380 1648 1912 
116 5 1628-2001 374 1664 1876 
117 3 1484-2000 517 1729 1887 
119 2 1636-1999 364 1664 1893 
121 4 1525-1999 475 1600 1929 
122 4 1610-2001 392 1654 1893 
123 3 1620-1999 380 1648 1936 
125 2 1647-1999 353 1716 1880 
127 2 1625-2000 376 1658 1893 
129 3 1600-2000 401 1664 1955 
130 3 1629-1999 371 1704 1929 
131 5 1383-1999 617 1505 1937 
132 6 1610-2001 392 1639 1887 
133 2 1797-1999 203 1836 1899 
135 6 1484-2000 517 1648 1911 
137 4 1510-2000 491 1542 1951 
138 9 1450-2001 552 1509 1893 
140 1 1540-2000 461 1745 1801 
141 4 1616-2000 385 1654 1893 
142 5 1547-2001 455 1610 1942 
143 3 1548-1999 452 1576 1915 
144 5 1484-2000 517 1618 1929 
145 3 1703-1999 297 1729 1896 
146 7 1508-1999 492 1659 1899 
147 2 1598-1999 402 1705 1896 
148 7 1436-2001 566 1467 1937 
149 2 1645-2000 356 1724 1876 
151 3 1597-1999 403 1684 1893 
153 8 1380-2001 622 1597 1904 
154 3 1617-1999 383 1729 1921 
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Table 3 continued 

156 3 1570-1999 430 1622 1893 
157 2 1658-2001 344 1714 1893 
158 2 1649-2000 352 1724 1955 
160 4 1553-1999 447 1665 1893 
162 4 1673-2000 328 1684 1938 
164 3 1623-1999 377 1654 1981 
166 5 1578-2000 423 1598 1893 
170 6 1484-2000 517 1684 1929 
180 3 1484-2000 517 1601 1909 
188 5 1484-2000 517 1696 1892 

Mean ± 1 
s.d. 

4.0 + 1.9 1574+ 87 to 
2000 +1 

427 + 88 1654 + 74 1909 + 30 

Study 
area 

198 1354-2001 648 1450 1981 
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Table 5. 155 

Pet trees Pet sites 
Year scarred scarred 

1618 15 17 1763 

1619 35 33 1764 

1622 16 23 1767 

1631 19 31 1773 

1639 8 13 1777 

1640 7 13 1778 

1645 6 13 1782 

1648 64 76 1786 

1651 5 10 1789 

1654 24 33 1795 

1658 23 36 1796 

1659 7 12 1801 

1664 48 59 1806 

1665 4 6 1810 

1667 6 10 1813 

1668 26 39 1818 

1675 4 6 1824 

1679 11 13 1829 

1680 4 6 1836 
1684 64 78 1842 

1685 5 8 1845 

1691 37 51 1847 

1696 32 45 1849 

1697 3 5 1851 

1698 3 5 1852 

1704 44 62 1854 

1705 4 8 1855 

1709 15 30 1857 

1712 4 8 1861 
1714 2 5 1864 
1716 34 40 1869 
1724 44 59 1870 
1729 47 55 1876 
1731 2 4 1879 
1735 3 6 1880 
1736 5 11 1887 
1742 3 4 1892 
1745 70 81 1893 
1746 4 10 1896 
1748 17 29 1899 
1749 3 6 1904 
1750 3 6 1909 
1751 2 4 1911 
1752 25 46 1912 
1757 5 13 

81 1915 2 

8 1921 3 

8 1922 3 
79 1927 2 
13 1929 11 

27 1933 2 

13 1936 4 

71 1937 2 

19 1938 2 

71 1942 2 

6 1955 3 

86 

35 

6 

24 

57 

20 

6 

72 

76 

4 

6 

58 

58 

4 

4 

4 

6 

82 

4 

4 

36 

44 

28 

48 

38 

20 
50 

10 

16 

10 

4 

4 

4 

55 
3 

4 

57 

5 

12 

4 

49 

7 

36 

2 

58 

14 

2 

14 

41 

8 

2 

44 

49 

1 

2 

29 

34 

1 

1 

1 

3 

55 

1 

1 

1 8  

26 

10 

22 

21 

12 

32 

4 
10 

5 
2 

2 
2 
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Table 6. 

Year Pet sites 
recorded Year 

Pet sites 
recorded 

Year Pet sites 
recorded Year 

Pet sites 
recorded 

1801 86 1818 57 1631 31 1679 13 
1861 82 1729 55 1709 30 1757 13 
1745 81 1691 51 1748 29 1777 13 
1763 81 1893 50 1879 28 1782 13 
1773 79 1880 48 1778 27 1659 12 
1684 78 1752 46 1598 25 1600 11 
1648 76 1696 45 1813 24 1736 11 
1842 76 1876 44 1622 23 1601 10 
1836 72 1716 40 1824 20 1606 10 
1786 71 1668 39 1892 20 1651 10 
1795 71 1887 38 1789 19 1667 10 
1704 62 1658 36 1618 17 1746 10 
1664 59 1870 36 1899 16 1896 10 
1724 59 1806 35 1639 13 
1849 58 1619 33 1640 13 
1851 58 1654 33 1645 13 



Table 7. 

(ha) 

Arithmetic Weibull 
size fire fire Mean fire 

frequency frequency interval 

4 8.9 ± 2.6 9.4 ± 2.6 12.4 ±3.9 

8 11.1±2.0 12.2 ± 1.9 9.4 ± 1.9 

16 12.4 ± 1.8 14.2 ± 1.7 8.4 ± 1.0 

20 13.2 ±2.6 15.0 ±2.6 7.9 ± 1.4 

36 16.1 ±2.6 17.7 ±2.2 6.3 ± 1.0 

64 19.1 ± 1.8 20.3 ±1.4 5.3 ±0.5 

100 22.2 ± 0.7 22.5 ± 0.5 4.5 ±0.1 

144 25.2 ±0.7 24.5 ± 0.6 4.0 ±0.1 

196 28.0 ±0.6 26.3 ± 0.4 3.6 ±0.1 

256 29.5 ±0.1 27.0 ±0.0 3.4 ±0.0 
288 30.3 28.0 3.3 

Extent scaling exponent ± s.e. 
0.29 + 0.01 0.27 + 0.01 -0.29 ±0.01 

/adj 0.80 0.80 0.78 
Pmodel <.0001 <.0001 <.0001 

Weibull 
Median 

Median fire Probability 
interval Interval 

9.6±3.1 11.7 + 3.9 

7.3 ±1.4 8.5 ±1.3 

6.1 ±0.5 7.2 ±0.7 

6.0 ±0.9 7.0 ±1.3 

5.0 ±0.3 5.7 ±0.7 

4.0 ±0.3 5.0 ±0.3 

3.4 ±0.4 4.4 ±0.1 

3.0 ±0.0 4.1 ±0.1 

3.0 ±0.0 3.8 ±0.1 

3.0 ±0.0 3.7 ±0.0 
2.0 3.6 

-0.3010.01 
0.81 

<.0001 

-0.27 ±0.01 
0.76 

<.0001 
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APPENDIX B. SCALE DEPENDENCE OF PROBABILITY MODELS FOR 

FIRE INTERVALS IN A PONDEROSA PINE ECOSYSTEM. 

Abstract 

Fire intervals in high-frequency surface fire regimes are the result of interactions 

among multiple causative factors, each of which must be satisfied for a fire to occur. 

These conditions suggest that the lognormal distribution may be a useful framework for 

examining the probability and temporal variability in fire return intervals. We examined 

the theoretical and empirical motivation for the lognormal distribution as an ecologically 

justified model for probability analysis of fire intervals. We tested model predictions 

against an empirical data set derived from a gridded sampling design in an old-growth 

ponderosa pine forest in the Jemez Mountains of northern New Mexico. Using 

combinations of these data at multiple scales, we analyzed 238 composite fire records at 

scales ranging from 4 ha to the frill 288-ha study area, covering the 345-yr period 1598-

1942. We tested the resulting data set for scale dependence in the higher moments of the 

empirical distribution of fire intervals, as well as scaling of moments and estimated 

parameter values of fitted lognormal and Weibull probability models. The temporal 

distribution of fire intervals varied significantly by scale: at the smallest scales (4-16 ha 

composites), the frequency distribution of fire intervals was unimodal and strongly 

positively skewed, with few short intervals below the mode and a relatively large 

proportion of outljdng long intervals between events. As sampling scale increased, short 

intervals became more common and longer intervals were reduced by "infilling" of the 
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fire record by events detected in the wider area. Scaling trends were also evident in the 

moments of the frequency distribution, including the arithmetic mean fire interval, 

variance, and skewness, as well as the coefficient of variation. Fitted regression models 

against area accounted for the majority to nearly all of the scaled variance in the statistics 

of the fire regime. Strong scale dependence was also evident in both the fitted lognormal 

and Weibull probability distributions, including the parameter values that shape and scale 

each distribution. The lognormal distribution is a robust default choice for modeling fire 

as a complex process involving many multiplicative factors, whereas the Weibull 

distribution models fire occurrence in surface fire systems as the result of accumulated 

fiammability reflected in an increasing hazard function. Both models are sufficiently 

flexible to fit the empirical data at a variety of scales; the choice of model may revolve 

around ecological interpretability. A model of random binary outcomes can serve as a 

null model of fire interval distributions. 

Keywords: fire intervals, probability distributions, Weibull distribution, 

lognormal distribution, scale dependence, Pinus ponderosa, gridded sampling, fire 

history, dendroecology. 
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Introduction. 

Many ecosystem processes involve sequences of contingent and uncertain events. 

As a consequence, their occurrence can seem unpredictable in both time and space, or at 

least resulting from unknown combinations of deterministic and stochastic factors. 

Nonetheless, the development of tractable analytical models is an important theme in 

ecology, because it allows us to simplify — and thus to synthesize — essential elements of 

processes that are otherwise too complex to understand and analyze (Botkin 1990; Clark 

1991b; DeAngelis and Gross 1993). 

Forest fire regimes illustrate both the importance and the difficulty of developing 

ecologically based analytical models. Fires interact dynamically with forest 

physiognomy, demography of forest species, competitive interactions among species, 

nutrient cycling, hydrology, climate, topography, and other processes at population, 

community, and ecosystem levels of organization (Johnson 1992; Agee 1993; Johnson 

and Miyanishi 2001). Fires are a "keystone process" in many forested ecosystems, and 

the forces that shape the occurrence of fires are of central importance to understanding 

these ecosystems (Whelan 1995; Richardson 1998; Veblen, Baker et al. 2003). 

The main variables that describe patterns of fire occurrence are combined into a 

multi-variable descriptor called the "fire regime" (Johnson 1992; Brown 1995b; Whelan 

1995; Brown and Seig 1996; Fule and Covington 1996; Chang 1999; Veblen, Kitzberger 

et al. 2000; Fule, Heinlein et al. 2003). Just as no two forests are alike, forest fire regimes 

also vary widely in space and time. In boreal and wet temperate coniferous forests, for 

example, fire events typically occur on intervals of 100-250+ yr, with high intensity and 
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severity, large patch size, and wide extent (Yarie 1981; Agee 1991; Johnson 1992; Agee 

1993; Ratz 1995; Gumming 2001). By contrast, fire events in pine-bunchgrass forests, 

savannas, and woodlands occur more frequently (5-10 yr 100 ha"') and tend to be 

relatively low in both intensity and severity, and high in spatial heterogeneity, occurring 

both as large extensive fires and as independent synchronous events across the landscape 

(Weaver 1951; Swetnam 1990; Swetnam and Betancourt 1992; Brown and Seig 1996; 

Swetnam and Baisan 1996; Swetnam and Betancourt 1998; Swetnam, Allen et al. 1999; 

Fule, Heinlein et al. 2003; Heyerdahl and Alvarado 2003). These differences in fire 

regimes are regulated by net primary productivity (NPP), climate, soil type, forest 

physiognomy, stand density, and tree morphology, which differ profoundly among 

ecosystem types (Covington and Moore 1994; Brown 1995b; Fule, Covington et al. 1997; 

Hungate, Koch et al. 2001; Allen, Savage et al. 2002; Flannigan, Stocks et al. 2003; 

Heyerdahl and Alvarado 2003). Consequently, a single fire regime model is unlikely to 

adequately fit all forested ecosystem types in which fires occur. 

Among the variables of the fire regime, fire interval (or inversely, fire frequency) 

is among the most important descriptors. Because fires are lethal to many (but not all) 

individuals in a forest community, time between fire events plays a key role in the 

regulating effects of fire on tree demography and community physiognomy. Certain 

species and larger size classes of trees may survive frequent fire events of lower intensity, 

whereas all species and size classes may be killed in less-frequent, high intensity events; 

even low-intensity events can have significant demographic effects through the 

mechanism of juvenile mortality (Peterson and Ryan 1986; Ryan and Reinhardt 1988; 
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Harrington 1993; Whelan 1995; Sackett, Haase et al. 1996; Keeley and Stephenson 2000; 

Keane, Austin et al. 2001). Consequently, tree survivorship (and thus age and size 

structure) is a contingent outcome of seed production and germination rates, and fire-free 

intervals. 

Fire intervals interact dynamically with fuels, and both fires and fuels are in turn 

entrained by site characteristics (topography, productivity) and weather, including factors 

that govern fuel moisture and ignition sources. The outcome of these complex 

interactions is that fire intervals vary in time; that is, the number of years between fire 

events varies over time within a single ecosystem (Kilgore and Taylor 1979; Baker 1989; 

Clark 1991a; Gill and McCarthy 1998; Grissino-Mayer 1999; Polakow and Dunne 1999; 

Niklasson and Granstrom 2000). Short and long fire-free intervals may have dramatically 

different ecological consequences for tree demography, species composition, and forest 

structure. For this reason, understanding the probability distribution of fire intervals of 

different duration can provide important and relevant insights into forest dynamics. The 

tree-ring record provides a unique opportunity to examine temporal variation in such 

ecological processes over time scales of decades to centuries. 

Field studies of fire history in surface fire regimes of southwestern North America 

often find that fire intervals cluster around a modal value (Swetnam 1990; Agee 1993; 

Swetnam and Baisan 1996; Touchan, Allen et al. 1996; Swetnam 2002). Moreover, the 

distribution is frequently asymmetric (positively skewed), with an extended right tail 

representing the occasional occurrence of unusually long intervals between fire events 

(e.g. Baisan and Swetnam 1990; Swetnam 1992; Touchan, Allen et al. 1996). What 
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constitutes a "long" interval, of course, varies among ecosystems: in ponderosa pine 

forests and Pinon-juniper woodlands, 25-30 yr may be considered a "long" interval, 

whereas in conifer forests of Cascadian North America or boreal spruce-fir forests a long 

fire-free interval maybe decades to centuries (Yarie 1981; Agee 1993; Frelich and Reich 

1995; Flannigan, Campbell et al. 2001; Johnson, Miyanishi et al. 2001). 

Because fire intervals vary in space and time, their frequency distribution can be 

described and analyzed using the tools of probability analysis. Pioneering work 

describing fire intervals in terms of probability distributions was led by Johnson and 

colleagues (Johnson and Van Wagner 1985; Johnson 1992; Johnson and Outsell 1994). 

These papers compared a simple model of exponential decay of fire interval probability 

with a more complex model based on the Weibull probability distribution, of which the 

negative exponential is a special case. A key attribute of the Weibull distribution is its 

flexibility, including the ability to model widely differing forms of probability density, 

cumulative probability, hazard, and survival (Tsokos 1972; Johnson and Van Wagner 

1985; Bain and Engelhart 1987; Johnson and Outsell 1994; Evans, Hastings et al. 2000; 

McCarthy, Oill et al. 2001). For instance, the Weibull hazard fiinction, which is the 

instantaneous probability of an event at a given time, can increase, decrease, or remain 

constant. Ecologically, the hazard function has been interpreted as "flammability", in 

effect, the probability that an ignition will occur and then spread (Johnson and Outsell 

1994; McCarthy, Oill et al. 2001). 

The Weibull distribution was developed originally for failure analysis in industrial 

engineering (Tsokos 1972; Johnson, Kotz et al. 1994), and has been adapted to model the 
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distribution of fire intervals over time (Johnson and Van Wagner 1985; Baker 1989; 

Clark 1989,1990a, 1991b; Johnson 1992; Johnson and Outsell 1994; Clark 1996; 

Swetnam and Baisan 1996; Gill and McCarthy 1998; Grissino-Mayer 1999; Skinner 

2000). While the main emphasis has been on central estimates of the parameters that 

control the distribution, these parameter values are themselves subject to spatial and 

temporal variability (Polakow and Dunne 1999). 

It is not our purpose in this paper to suggest replacement of the Weibull model, 

which has proven both flexible and useful in a variety of contexts. Rather, we propose an 

alternative model specific to the ecology of surface fire ecosystems, working from first 

principles in both ecology and statistics. As Johnson et al. (2001) note, it is preferable to 

develop conceptual models that are specific to the characteristics of a particular 

ecosystem, and to avoid generalizing across ecosystem types. 

In this paper we explore the probabilistic basis for modeling the distribution of 

fire events in time in a ponderosa pine-bunchgrass ecosystem. We begin by reviewing the 

ecological rationale for the lognormal distribution as a model for surface fire regimes, 

under which the distribution of fire events in time is conditioned not so much by 

accumulated "stress" in the system (e.g., in the form of fuel accumulation), but rather by 

multiple interacting contingent factors that combine to produce sequences of low-

intensity fire events at high frequency, long before system properties such as fuel mass or 

overstory canopy density have changed significantly since the previous event. Second, 

we present the results of empirical tests of scale dependence in the moments of the 

frequency distribution of fire intervals. Lastly, we examine scale dependence in the 
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underlying probability distributions, of which individual events are realizations. We 

conclude with suggestions for a null model of temporal variation against which these 

various probability models can be tested. 

Theory of the lognormal distribution for ecological events. 

Consider the conditions that must occur for a fire scar to be created. There must 

be adequate fuel of suitable size and moisture to sustain a fire of sufficient intensity; an 

ignition source must be present; wind and humidity must be conducive to fire spread; 

trees must be located where the fire is of high enough intensity to create an initial scar or 

to re-scar a previously-scarred tree; there must be sufficient basal fiael and resin in prior 

wounds to create enough temperature residence time to heat cambial tissue within the tree 

bark; and so on. Each factor has a distribution of values in space and time, some range of 

which is conducive to fire initiation and spread (Finney 1999; Johnson and Miyanishi 

2001; Falk and Swetnam 2003). 

The probability of capturing a fire scar in a sample is the end point of all the 

processes that involve its production and sampling. Each of these probabilities is in turn 

the product of a large number of factors, which can be fiarther decomposed into 

mechanistic elements. For example, the probability of fire occurrence within a defined 

spatial and temporal frame is the outcome of combustion followed by the dynamics of 

spread (Pyne, Andrews et al. 1996). Combustion is regulated by ignition (type, spatial 

and temporal distribution, energy), fuel (type, chemical composition, mass by size class, 

vertical and horizontal continuity, moisture content), and available oxygen of combustion 
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(largely a fimction of fuel distribution and packing). Fire behavior is in turn regulated by 

fuel variables over space (including multiple fuel types, horizontal and vertical 

continuity), weather (wind speed and direction, relative humidity, precipitation), and 

topography (slope, aspect, configuration, slope position). Fire behavior and spread 

algorithms incorporate many of these multiple factors explicitly to model rates of 

ignition, spread, intensity, and effects (Agee 1996; Finney 1998,1999; Johnson and 

Miyanishi 2001; Andrews, Bevins et al. 2003). 

Each factor is characterized by a distribution of values in space and time that 

govern whether fire ignition and spread are favored or inhibited. For example, there are 

minimum values for fine fuel mass and spatial continuity needed to support fire initiation 

and propagation, and the probability over time that the variable is above the minimum 

required is /?, (y, > 3;, mm)- For the probability density function from the time of the last fire 

(To) to some time r= / of a time-varying variable is 

where ^ is the probability density function of the factor. To is the time of the 

last fire, and is the time at which the critical value is reached. The directionality of the 

integral depends on the ecological nature of the variable in question. Other factors that 

can regulate the spread rate and intensity of surface fires, such as fine fuel moisture, may 

not change monotonically after a fire but rather vary seasonally and annually around a 

mean; for instance, the probability that fuel moisture conditions are conducive to fire 

t  e f t  
Pi iyi >ytmin) =jri{T),orp'(y<3;„ax) = Ir,^ 1 -M Yi( T )  
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spread isPi'iyi <3^; max), wheremax is a critical threshold value for fuel moisture above 

the extinction point of combustion (Johnson 1992; Agee 1993). 

From an ecological standpoint, the outcome of these dependencies is that the 

occurrence of fire is the end product of a number of processes, such as fire occurrence, 

scar formation and retention, and sampling. Because the values for each process must be 

within a defined domain for fire scars to be formed, retained, and sampled, fire scar 

formation is a contingent event based on the product of the individual probabilities. If all 

m processes are required to be within a certain range of values for fire to occur and a fire 

scar to be created, then Pj is the product of the individual process probabilities Pj, where 

7 = 1, 2, 3.. .m (Bain and Engelhart 1987; Sokal and Rohlf 1995). This can be stated 

formally as 

PT = {Pi){P2){P3)...{Pm). Eq. 1 

Similar reasoning can be applied to the individual factors that govern the 

aggregate probabilities of fire occurrence, scar formation and preservation, and the 

probability of sampling mechanistically. For example, variables governing fire initiation 

and spread include fuel mass, moisture, and spatial distribution, the spatial distribution 

and energy of ignition, and topographic slope and aspect. Fire scar formation and 

preservation is a function of fire temperature and duration, distance firom the bole, bark 

thickness, prior scarring, loss from decay and subsequent charring and so on. More 

generally, each of the m processes is in turn the product of n mechanisms; the probability 

of theyth process is 

Pj = (pi)(p2)(p2,)-• -(Pn), / = 1, 2, 3...«, or equivalently, 
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" f l f t ,  E q . 2  
i = \  

and for all m processes together with their respective mechanisms, 

m f n ^ 

Pj=Y\Pj--\Y{Pij Eq.3 
7=1 V '=1 / 

This is the essence of a multipUcative ecological process and its sampling. 

Because we are interested in the proportional relationship of the number of events 

to defined frames of space and time, and because the constituent factors are inherently 

multiplicative, logarithmic transformation is appropriate (Zar 1984; Sokal and Rohlf 

1995; Falk 2004b). If = (xi)(x2), then log j = log xi + log X2 for any base, so we can 

restate Equation 1 as 

log FT = log P\ + log P2 + log PT,. . .log PM, Equation 2 as Eq. 4 

n 

log pj = ^ log PI , and Equation 3 as Eq. 5 
(=1 

/ /i \ 
logPT= ^logPy ,y= 1, 2, 3...m. Eq. 6 

V 1=1 

In other words, the multiplicative relationship of variables is, in terms of their 

logarithms, the summation of a large number of individual factors. 

Provided that n is sufficiently large, log Pj will be normally distributed (Patel, 

Kapadia et al. 1976; Montroll and Shlesinger 1982; Crow and Shimizu 1988); i.e., logP/ 

~ N {pi, o), where ju andcare the mean and variance parameters respectively of the two-

parameter lognormal. This occurs because, under the Central Limit Theorem (CLT), the 

normal distribution represents the convergent distribution of summed additive positive 
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statistically independent variables in the limit of n (Lawrence 1988; Shimizu and Crow 

1988; Petrov 1995). The lognormal distribution is thus the default probability distribution 

for multiplicative outcomes where many contingent factors must be satisfied 

simultaneously or sequentially (Patel, Kapadia et al. 1976). Under CLT, as n increases, 

the limiting distribution approaches normality even if variables are not strictly 

independently and identically distributed {iid)\ in particular, the variables need not be 

identically distributed (Mosimann and Campbell 1988). The assumption of statistical 

independence can also be relaxed under some conditions, and deviations from the default 

model can provide useful ecological insights when the model is applied. 

A variable x is distributed lognormally if its probability density function (pdf) 

follows 

(Crow and Shimizu 1988; Evans, Hastings et al. 2000). This is equivalent to 

saying that In x is normally distributed, or log (x,) ~ A (/i, cr). 

Lognormality has been predicted and observed for a wide range of biological 

processes and ecological variables, including tissue growth rates (Mosimann and 

Campbell 1988), population growth rates and population size (Dennis and Patil 1988), 

tree diameter distributions (Cooper 1960), and species richness and abundances (Preston 

1948, 1962a, 1962b; Bazzaz 1975; Dennis and Patil 1988; May 1988; Keitt and Stanley 

1998; Harte 2000; Keeley 2003). Lognormal distributions have also been predicted or 

(injc-//)^ 

2(7^ , X > 0 

x < 0 .  
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observed for fire sizes (Yarie 1981; Malamud, Morein et al. 1998; Armstrong 1999; 

Flannigan, Campbell et al. 2001). This extensive occurrence of lognormal phenomena 

arises from the fundamentally multiplicative nature of many ecological processes. 

In the present application, the most relevant lognormal theory concerns the 

distribution of events in time, or more specifically time to an event. In general, 

lognormality is the expected distribution of temporal events drawn from a stochastic 

process where the final probability of an event is the multiplicative outcome of many 

factors (Montroll and Shlesinger 1982). Lognormal distribution of event times has been 

observed for a number of phenomena in disease and medical treatment, engineering (e.g., 

time to failure), economics, sociology, and psychology (Lawrence 1988; Shaban 1988a). 

In hydrology and atmospheric sciences, flood frequency, rainfall rates, and other 

variables are typically lognormally distributed (Crow 1988; Meko and Graybill 1995). 

For time series that are inherently discrete, a modified form of the lognormal distribution, 

the Poisson-lognormal, maybe applicable (Lawrence 1988; Shaban 1988b). 

A lognormal frequency distribution is unimodal and positively skewed when 

plotted on an arithmetic x-axis (Figure 1). Notably, the lognormal distribution does not 

require specification of parameters other than the mean and variance of the data itself 

Hence, the lognormal distribution offers a parsimonious and theoretically grounded 

model for describing the frequency distribution of outcomes that depend on a series of 

contingent events, as is the case for the fire interval record. 
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Methods. 

Study site, field and laboratory methods. To test the applicability of the 

lognormal distribution to a surface fire regime, we examined the temporal distribution of 

fire intervals within an intensively studied fire history site. We conducted our research at 

Monument Canyon Research Natural Area (MCN), an old-growth ponderosa pine forest 

in the Jemez Mountains of New Mexico (Peterson and Rasmussen 1985) (Figure 2). 

Previous research at the site had found a record of surface fire events dating to the 1500's 

(Touchan, Allen et al. 1996) and no evidence of extensive logging, suggesting that the 

site could provide unique insight into the long-term temporal distribution of fire events. 

We used a gridded sampling design to create a multi-scale fire history data set 

(Falk 2004a). We established grid points every 200 m across the study area, excluding 

cliffs or the steep mesa margin. This resulted in a total pool of 72 grid points distributed 

across the mostly level ground of upper Cat and San Juan Mesas, at elevations 2,438-

2,560 m (8,003-8,403 ft) above mean sea level. In the first year of fieldwork we sampled 

at alternate points (lag = 400 m), supplementing these sites in the following year with 

additional randomly selected points to create some areas of higher spatial resolution (lag 

= 200 m). In all, we collected fire history samples and other data at 50 plots within the 

288-ha RNA and immediate surroundings. At each sample site we established a 0.5-ha 

(39.9 m radius) circular sample plot, within which we flagged all trees with fire scars. We 

collected fire scar samples fi-om 3-8 trees per site (mean + 1 s.d. = 4.0+1.9 trees). 

Further details of field procedures can be found in Falk (2004a). 
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We analyzed the fire scar samples at the Laboratory of Tree-Ring Research, 

University of Arizona, Tucson, using standard methods of dendroecological 

reconstruction (Amo and Sneck 1977; McBride 1983; Dieterich and Swetnam 1984; 

Swetnam 1990,1993,2002). All specimens were cross-dated for maximum temporal 

accuracy, and fire scars dated to the year of occurrence (most scars were also dated to 

season, although seasonal data were not used in this analysis). Recording years and fire 

dates for each specimen were input into FHX2, a widely-used computer application for 

analysis of fire history data sets (Grissino-Mayer 1995, 2001), as well as a project 

database and a variety of statistical platforms. 

Analytical methods. Fire records fi-om individual trees are widely understood to 

represent a subset of fire events that occurred at a given location, due to variable 

recording and preservation rates (Dieterich 1980; Dieterich and Swetnam 1984; Outsell 

and Johnson 1995; Baker and Ehle 2001; Falk 2004c). To reduce the effect of individual-

tree variability on estimates of fire regime parameters, we created composite fire records 

(CFR's) consisting of the union of all fire dates recorded by any tree at a site, excluding 

sites with too few trees to reconstruct the fire regime accurately based on sample size 

analysis (Falk 2004c). We limited our analysis to the time period with at least 50% of 

sites recording, and prior to anthropogenic alteration of the fire regime in the mid-

twentieth century as a result of extensive grazing, fire suppression and exclusion. 

To evaluate the effect of scale on metrics of the fire regime, we created multiple-

CFR composites using a moving window approach (Milne 1992; Gardner 1998; Keeley 

2003; Falk 2004a). We used windows of 4, 9, 16, 25, 36, 49, 64, 144, 196, and 256 ha, 
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along with the data set for the foil 288-ha study area. For each window size of 4-288 ha, 

we used every window location that created a unique combination of adjacent sampled 

grid cells, designed as the window placement for the window size. For windows > 

36 ha, we used window placements containing some un-sampled cells if sample size 

analysis indicated a sufficient number of populated cells to estimate parameters of the fire 

regime accurately (Falk 2004c). 

In each windowed CFRyfc we created a sequence of fire dates recorded by any tree 

within the window during the analysis period. These fire dates were then used to compute 

a series of fire intervals, i.e. the number of years between fires for the CFR, using only 

intervals that were contained wholly within the analysis period (Grissino-Mayer 2001). 

For each CFRyvt we created frequency histograms for annual integer fire intervals {/ = 1, 

2, 3...}. We computed the mean (i), variance, and the coefficient of variation (the 

variance scaled to the mean) of fire intervals for each CFRyi. We calculated the third 

moment of the fi-equency distribution (skewness), which estimates the population 

parameter yi, based on the cubed deviations from the mean: 

Skewness is a measure of the symmetry of a distribution around the mean, and for a time 

series reflects the occurrence of unusually long or short intervals. When yi > 0, the 

distribution is positively (right-) skewed {ju > M, where M = median interval). We also 

determined the minimum and maximum fire interval recorded for each window size. 

Probability distributions. We fitted lognormal and Weibull (2- and 3-parameter) 

probability distributions to the fire interval data using maximum likelihood algorithms 
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(SAS 2002). For each CFRy/t, we recorded estimates and confidence limits for each model 

parameter and the moments of the predicted distributions. We used the best-fitting 

regression model (linear, logarithmic, or square root transformed values) to estimate the 

proportion of variance in a moment or model parameter that could be accounted for by 

scale (model SS/total SS), along with 95% confidence limits for the fitted regression 

model. 

To evaluate how well the probability models approximated the MCN fire interval 

data, we plotted the resulting probability density fiinctions (pdf s) against the interval 

fi-equency histograms for visual comparison. We tested statistical goodness (lack) of fit 

using the nonparametric Kolmogoroff-Smimoff-Lillifors D-test for the lognormal 

distribution, and the Cramer-von Mises PF-test for the Weibull distributions (SAS 2002; 

Murthy, Xie et al. 2004). Significance thresholds were set at a = 0.05 (i.e., empirical data 

were considered not significantly different from the candidate distribution ifptest ^ 0.05). 

We also generated quantile (Q-Q) plots for each distribution model, comparing the 

quantiles of the fitted model with those of the empirical frequency distribution (Sokal and 

Rohlf 1995; Evans, Hastings et al. 2000). 

Results. 

We analyzed 238 CFRyvt combinations representing reconstructions of fire history 

for areas ranging from single 4-ha cells to the entire 288-ha study area. We eliminated 

fi-om analysis CFR's for three sites with only 1-2 trees, which could not be verified to 

have established a reliable fire history (Falk 2004c), leaving 47 sample locations that 
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were used in the analysis (Table 1). We compiled a detailed, spatially explicit fire history 

record for the study area from the gridded fire history reconstruction, with fire dates 

covering the 532 yr period 1450-1981 (Figure 3). 

Few trees (and consequently few portions of the study area) extended the record 

back to the Id"" century or before. For example, only two grid points provided recorded 

fire dates prior to 1500, and five prior to 1550. This falling off of sample depth prior to 

1600 is commonly observed in southwestern forests, probably reflecting the impact of a 

severe extended drought in the 1580's (Fritts 1965; Swetnam and Brown 1992; Swetnam 

and Betancourt 1998; Woodhouse and Overpeck 1998). Most sites stopped recording 

fi*equent fires after 1910, although recording sites continued to experience fire at similar 

rates (Figure 3). By 1945, all of MCN was essentially in an altered fire regime, the result 

of increasingly effective fire suppression and continued grazing of surrounding lands. We 

therefore restricted our analysis to the 345-yr period 1598-1942, during which at least 

50% of grid cells were recording but prior to complete cessation of the natural fire 

regime. 

Frequency distribution of fire intervals. The temporal distribution of fire 

intervals (yr between events) varies significantly by scale (Figure 5). At the smallest 

scales (4-16 ha composites), the frequency distribution of fire intervals is unimodal and 

strongly right (positively) skewed, with few short intervals below the mode and a 

relatively large proportion of outlying long intervals between events (Figure 5 h, i). As 

sampling scale increases, the mode moves toward the ordinate: short intervals become 

more common, and longer intervals are reduced by "infilling" of the fire record with 
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events detected in the wider area. At scales greater than 144 ha, the distribution is 

monotonically negative and relatively short-tailed; box percentile plots indicate smaller 

variance and relatively few long outliers, reflecting a small number of periods when fires 

did not occur somewhere within MCN, and frequent short time intervals between events 

(Figure 5 a-d). 

Scaling trends are evident in values for the moments of the fi-equency distribution 

(Figure 6, Table 2). Mean values for replicates at each scale of i, the arithmetic mean fire 

interval, ranged fi*om 2.6 yr for the study area as a whole to 10.4 yr for individual 4-ha 

cells. Variance scaled with area from 2.9 yr^ at the fiill study area to 64.2 yr^ among 

individual grid cells. The coefficient of variation was relatively stable (64.4 < c.v. < 75.9) 

for areas 100 ha and larger, but increased steeply at small extents. Skewness scaled 

linearly with area (Figure 6-d), with values indicating a nearly symmetric distribution at 

small scales, becoming increasingly right- (positively) skewed for larger sample areas. 

Fitted logarithmic regression models of moments of the distribution against area 

accounted for nearly all (99%) of the variance in mean and variance of fire intervals, and 

a high proportion (74%) of variance in the coefficient of variation (Table 3). A linear 

regression model on area was parsimonious for the skewness statistic and accounted for 

two-thirds of the variation in this statistic (r^adj = 0.66). All slopes were highly significant 

(P<0 .005). The maximum detected fire interval for the period of analysis declined 

monotonically with scale (logarithmic regression r adj = 0.84, p = 0.0003) from 67 yr in 

one of the 4-ha cells to 8 yr in the study area as a whole (Figure 7). 
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Probability models. Strong scale dependence is evident in both the fitted 

lognormal and Weibull probability distributions (Figure 8). The mean parameter of the 

lognormal distribution (ju) decreased from 2.08 at the smallest (4-ha) scale to 0.73 for the 

full study area (Table 2). A fitted logarithmic regression against area accounted for 96% 

of variance in fj. with highly significant slope ip < 0.001). The lognormal variance 

parameter (o) scaled linearly with area (r\dj = 0.90,< 0.001). 

Controlling parameters of the Weibull distribution were also strongly scale 

dependent (Figure 8-c, d, Table 3). The Weibull scale parameter a was strongly 

dependent on area (logarithmic regression, r^adj > 0.99,< 0.001), ranging in value from 

11.51 for 4-ha cells to 2.87 for the fiill study area. The Weibull shape parameter b varied 

from 1.20 - 1.67 for the range of spatial extents. Area accounted for two-thirds of the 

variation in square-root transformed values of the scale parameter (/^adj > 0.69, p = 

0.0034). 

The changing distribution of fire intervals with scale is reflected in scale 

dependence of quantiles of the distribution (Table 4), particularly the upper quantiles. For 

example, at the full study scale of 288 ha the upper 2.5 percent of the empirical 

distribution {i.e., fire intervals as long or longer than 97.5% of the data) was 7 yr, 

whereas for individual 4-ha cells the same percentile interval was 32 yr. We found 

similar effects on the upper percentile for the lognormal (7.3 - 35.3 yr) and Weibull (6.4 

- 28.7 yr) models. Median fire interval (/m) was also scale dependent (2.0 - 2.3 yr for full 

study area, 8.0 - 8.9 yr for individual 4-ha cells) depending on the model applied. The 



lowest percentile classes (the shortest 2.5% of fire intervals) were less strongly scale 

dependent, presumably because values are integers constrained by proximity to 0. 

Quantile (Q-Q) plots of the distribution of fire intervals with quantiles of the two 

model distributions indicate that the strength of the fitted model varies with scale (Figure 

9). Both the fitted lognormal and Weibull distributions were close to observed empirical 

values for the study site as a whole (Figure 9 a, b), and generally represented the 

empirical distribution for intervals up to around 20 yr for smaller scales (25 and 36 ha 

composites shown). However, neither probability model captured the occurrence of 

occasional long fire intervals, which fell outside the 95% confidence interval for both 

probability distributions (Figure 9 e, f). 

Discussion. 

Temporal variability in the environment is a key factor in the ecology and 

evolution of living organisms (Botkin 1990; Pimm 1991). The distribution of time 

intervals between ecologically significant events is a biologically meaningfiil expression 

of temporal variation, and is reflected in population demography, species coexistence and 

community composition (May and MacArthur 1972; Halpem 1989; Tuljapurkar 1989; 

Silvertown 1996). The strength of the effect of environmental variability on demography 

and life history is proportional to the effects on survival: events that are lethal for a 

particular life stage have stronger effects (Venable and Lawlor 1980; Chesson 1986; 

Chesson and Huntley 1988; Venable, Pake et al. 1993; Pake and Venable 1996; Clauss 

and Venable 2000). While mean or modal conditions may prevail much of the time, rare 
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events may play a disproportionate role in structuring communities and modulating 

interactions among organisms (Strauss, Bednar et al. 1989; Gaines and Denny 1993; 

Savage, Brown et al. 1996; Clark 1998; Turner and Dale 1998; Davidowitz 2002). 

Variation in fire intervals has been found specifically to be an important component of 

the fire regime in a variety of ecosystem types (Cowling 1987; Clark 1990a; Bradstock, 

Bedward et al. 1996; Brown and Seig 1996; Heyerdahl 1997; Lertzman, Fall et al. 1998; 

Savage, Sawhill et al. 2000). 

In the ponderosa pine ecosystem we studied, under natural conditions most 

intervals between fires were short, on the order of 3-6 yr for scales of 36-144 ha (Falk 

2004a). Intervals between events substantially longer than these represent the tails of the 

firequency distribution of fire intervals, and hence the unusual temporal condition. The 

first moment of the frequency distribution (here, mean fire interval) was strongly scale 

dependent; in fact, area explained nearly all the observed variation in the mean interval 

among composites (Figure 6, Table 3). 

Scale-dependence was evident in measures of both central tendency and temporal 

variability, including variance, coefficient of variation, skewness of the distribution, 

maximum interval between events, and quantiles of the upper and lower tails of the 

distribution. For all of these measures, small areas were significantly more variable 

temporally than larger aggregate areas (Table 2, Figures 6, 8, and 7), indicating that fine-

scale variability is "averaged out" over larger extents of a space and time. The greater 

variability among small areas of forest than at larger scales is itself a measure of the 

patchiness of the fire regime and its effects in space and time. Scale dependence of higher 
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moments of the frequency distribution of fire intervals demonstrates that the behavior of 

fire regimes cannot be adequately characterized simply by statistics of central tendency. 

Temporal variability in the return interval of fire events is ecologically significant, 

because such variability affects forest demographic processes directly (Clark 1990b, 

1991b; Brown and Seig 1996). Even low-intensity surface fires can be lethal to trees in 

smaller size classes, which typically have shallower, roots, lower crowns and thinner 

protective bark (Peterson and Ryan 1986; Ryan and Reinhardt 1988; Harrington 1993; 

Keane, Austin et al. 2001). A longer than average fire-fi-ee interval may allow a juvenile 

tree to reach a height and bark thickness that permits it to survive the next fire when the 

event does eventually occur, particularly if fire intensity does not increase dramatically 

during the fire-fi"ee period, as appears to be the case in southwestern pine forests vmder 

their natural frequent fire regime. Because survival is both a size-dependent and 

probabilistic function of fire intensity, temporal variability at the scale of a few tens of m^ 

acts as a "gate" for progression of some juvenile trees to larger (and more fire resistant) 

size classes. 

This effect of temporal variation in fire return intervals on tree demography is 

clearly a scale-dependent process. The greater variance in fire occurrence at small scales 

represents a temporal niche for tree establishment, survival and growth. However, in a 

spatially heterogeneous fire regime, as the scale of aggregation increases, the relevance of 

an individual fire event to the survival of a small tree declines, because the larger spatial 

window includes fire events not sufficiently close to a target tree. For example, a 64-ha 

window could include surface fires as much as 800 m away fi-om a target tree, which 
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would be unlikely to influence its survival. The scaling of fire interval variability 

demonstrates the importance of matching the scale of the fire regime to the inherent scale 

of a covarying ecological process where we wish to understand the temporal relationship 

between the two. If the two processes are evaluated at different scales, the resulting 

relationship may be obscured (Mast, Fule et al. 1999). 

Temporal variation in fire occurrence across the study site is evident in the master 

fire chart (Figure 3). While there was no overall trend in fire fi"equency over the period of 

analysis (Figure 4), the synchrony of fires was clearly variable. For example, a period of 

reduced fire fi-equency in the early 1800's is evident across the site during this period, 

corresponding to similar observations throughout western North America and 

southwestern South America (Swetnam and Betancourt 1998; Kitzberger, Swetnam et al. 

2001). Fires were significantly less synchronous during the early-middle 1800's (with the 

exception of a single widespread event in 1818) and prior to 1745; during these periods, 

fires were patchily distributed across the study area, with higher among-site variability in 

retum intervals. During other periods, particularly 1745-1801 and 1836-1893, fires were 

strongly synchronized across the site, resulting in less variation in fire intervals among 

sites. These patterns of synchrony most likely reflect the entraining effects of interannual 

and decadal climate, particularly conditions that would increase or decrease the 

likelihood of large, widespread fire events (Baisan and Swetnam 1990; Swetnam 1990; 

Swetnam and Betancourt 1990; Grissino-Mayer 1995; Heyerdahl 1997; Veblen, 

Kitzberger et al. 2000; Heyerdahl, Brubaker et al. 2002; Swetnam 2002; Baker 2003). 
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In pine forests of southwestern North America, interannual and decadal fiiel 

dynamics are considered a primary mechanism for climate entrainment and synchrony of 

fire occurrence (Veblen, Kitzberger et al. 2000; Heyerdahl, Brubaker at al. 2002; Miller 

2003; Swetnam and Baisan 2003). Superposed epoch analysis (SEA) is used to identify 

temporal lagging relationships of fire occurrence to interannual moisture availability as 

reflected in measures such as the Palmer Drought Severity Index (PDSI). Fire years in the 

region are strongly and non-randomly associated with dry conditions, often those 

associated with the negative (La Nina) phase of the El Nino Southern Oscillation (ENSO) 

(Touchan and Swetnam 1995; Heyerdahl 1997; Grissino-Mayer2001; Heyerdahl, 

Brubaker et al. 2002). In addition, a significant positive correlation is often found 

between a fire year and antecedent wet conditions, often 3-4 years prior to the fire event 

(Swetnam and Betancourt 1990; Swetnam and Baisan 2003). It is hypothesized that 

wetter conditions result in increased rates of biomass accumulation, particularly by 

perennial bunchgrasses that form a critical component of the surface fuel matrix along 

with shed tree needles. It is also suggested that the observed negative temporal 

autocorrelation in the first 1-3 years following a fire reflects a period in which fine fiiel 

mass and continuity have been reduced below levels required to carry a surface fire 

(Veblen, Kitzberger et al. 2000; Heyerdahl and Alvarado 2003; Swetnam and Baisan 

2003; Westerling, Gershunov et al. 2003). 

Our scaling results are consistent with these inferences. At the smallest scales (as 

measured in our 0.5-ha circular plots), there are fewer fires 1-4 years following an event 

than after longer intervals, resulting in a modal distribution with the most common 
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interval around 6 yr (Figure 5-i). We interpret this modality as supporting the inference 

that decreased fuel loads and disrupted fuel-bed continuity restrict fire spread at small 

scales for some number of years after a surface fire. The modality of the fire interval 

distribution persists at somewhat larger scales (up to 36 ha), but as the scale of 

aggregation increases beyond this level, interval distributions become monotonic. This 

indicates that in MCN, areas larger than 36 ha have sufficient heterogeneity of fuels to 

permit fires to start somewhere in any given year, as indicated by 1-year intervals 

becoming the most common. Thus, the mass and spatial distribution of fuels and their 

effects on the fire regime are themselves scale dependent ecological phenomena, 

apparently strongest at small scales and gradually declining in importance as scale 

increases. These contingent factors regulate the distribution of fire events in time. 

Scaling of probability models. Probability models allow ecological processes to 

be analyzed beyond the domain of an individual occurrence. In the case of a complex 

ecological process such as fire, statistical analysis permits us to focus on properties of 

multiple events in space and time, transcending those of individual events (Brown 

1995a). Because fire is a partly stochastic process, individual fires represent random 

draws from an underlying probability distribution (Lertzman, Fall et al. 1998; Polakow 

and Dunne 1999; McKenzie and Hessl 2004). Individual fires have many unpredictable 

characteristics, depending as they do on a large number of complex and stochastic factors 

influencing ignition and spread. For this reason, the underlying distribution may not be 

evident from any given realization, but can be revealed by the analysis of multiple events 
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in space and time. Furthermore, our analysis is of the fire regime, which by definition 

represents the aggregate properties of multiple events in space and time. In analyzing 

scale dependence of the fire regime, we focus explicitly on what Brown (1995: 20) refers 

to as "emergent, whole-system properties", in an effort to detect patterns in space and 

time that may not be apparent in the analysis of a single fire. 

As a general result, we define a scaled (or scalable) probability model as one in 

which one or more parameters are functions, not constants. For instance, instead of taking 

constant values, the scale and shape parameters {a and P respectively) in the Weibull 

function can be distinct functions of area, i.e. a-f (A), (A). The fiinctional forms of 

/and g would depend on the scaling axis and the particular scale dependence of the 

parameter. 

Our results show that probability models of fire occurrence in space and time are 

strongly scale dependent. This scale dependence is illustrated by the changing shapes of 

probability density functions (pdf s), which model the probability of a given time interval 

between events (Figure 10). Both the lognormal and Weibull pdf s varied with scale, 

ranging fi-om unimodal to monotonic (Figures 5). More fundamentally, these changes in 

the pdf s reflect scale dependence of the parameters that control the distributions (Figure 

8, Table 2). Here, the parameters // and crare functions of area (spatial extent, the scaling 

axis). The resulting pdf changes in shape from the smallest areas (4 ha) to the largest (288 

ha). Scale accounted for 69-99% of the variation in probability model parameters (Table 

3). Scale dependence in a probability model indicates that there is no single "correct" 

statistical representation of the fire regime, without explicit reference to scale. Indeed, 
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our results suggest that scale-explicit probability modeling would provide useful 

ecological information. 

We found similar degrees of scale dependence and closeness of fits for the 

lognormal and Weibull distributions, with highly significant slopes when regressed to 

area (Tables 2, 3; Figure 8). Both the lognormal jj. and Weibull b, which determine 

centrality of the pdf, were strongly scale dependent (0.69 < r^adj ^ 0.99), as were the 

parameters that control variance or spread of the distribution (lognormal crand Weibull a\ 

0.90 < r^adj ^ 0.99). 

The tails of both distributions reflected the infrequent occurrence of long intervals 

between fires, especially at smaller scales (Table 4). The 97. S"' percentile of the modeled 

distributions was 6.4 - 7.3 yr for the full study area, bracketing the empirical frequency 

quantile of 7 yr. At the smallest scale, (4-ha cells), the longest 2.5% of fire intervals was 

modeled as 28.7 - 35.3 yr, again bracketing the empirical quantile value of 32 yr. Thus, 

both probability models appeared to capture variability in the tails of the frequency 

distribution, an important attribute for the analysis of temporal variability in ecosystem 

processes (Finney 1995; Clark 1998). Quantile plots indicated the ability of both 

distributions to reflect variability across scales, although some empirical fire intervals fell 

outside of the prediction interval at some scales (Figure 9). 

Selection of a probability model. These findings may provide insight into the 

selection of an appropriate distribution model for frequent surface fire regimes. Clearly, 

the choice cannot be made strictly on the basis of performance, as both distributions are 

sufficiently flexible to fit a variety of empirical data well. As Johnson and van Wagner 
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(1985: 216) cautioned, "Empirical fitting is not definitive because tests of goodness of fit 

often cannot separate different models conclusively. Fire history models must attempt to 

translate specific ecological ideas into mathematical form." We agree, and propose 

instead that a suitable statistical model should be derived fi^om first principles in fire 

ecology as well as empirically observed relationships (McCarthy, Gill et al. 2001). 

As noted earlier, the Weibull model is based on a metaphor of "stress-

accumulation", in which flammability is modeled as a fianction of time since fire. When 

the shape parameter b> 1, the Weibull distribution has an increasing hazard function, 

reflecting increased probability of ignition and spread with time (Johnson, Kotz et al. 

1994; Evans, Hastings et al. 2000). When 6 < 1, the hazard function decreases with time, 

an unlikely outcome ecologically. When & = 1, the Weibull distribution reduces to its 

special case, the negative exponential, which is defined as a constant probability of 

occurrence (constant hazard function). Our empirical values (2.9 <b<l\.5) would 

indicate an increasing hazard function with time. 

The most likely candidate ecological interpretation of an increasing hazard 

function is fuel dynamics: if fuel accumulates with time after a fire event, the result is 

increasing flammability and hence the probability of ignition and spread (Johnson and 

Van Wagner 1985; Johnson and Outsell 1994; McCarthy, Gill et al. 2001). Fuel dynamics 

(accumulation over time) and the temporal distribution of the synoptic climate conditions 

that favor large fires appear to be the dominant temporal dynamic in boreal and wet 

coniferous forests of northern North America (Johnson and Wowchuk 1993). 
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The ecological issue is thus whether fine fuel biomass (primarily grasses and fine 

needle litter) increases monotonically after fire in southwestern ecosystems. After 

consumption during a fire event, fine fiiel biomass can increase rapidly in southwestern 

pine forests for several years. However, fiiel deposition eventually reaches dynamic 

equilibrium with fiael decomposition; beyond this point, fine fiiel biomass tends to vary 

around a relatively stable mean (Stohlgren 1988; Hart, Firestone et al. 1992; Miller and 

Urban 1999; Allen 2001). In addition to mass, fiiel spatial distribution at fine scales is 

very important to fire spread; gaps in fuel continuity on the order of meters to tens of 

meters can inhibit the spread of a low-intensity surface fire. Within a small area (tens of 

m^), fine fiiel conditions (mass and continuity) may limit the recurrence of fire in the first 

years immediately following an event; this is a reasonable explanation for the relative 

uncommonness of fire intervals < 3-5 yr at single 4-ha grid cells in MCN (Figure 5). 

Once fuel mass and continuity of the fuel bed have been re-established, however, fiiels 

constrain surface fire occurrence less strongly (Baker 2003). At larger scales (here, > 64 

ha), there is evidently sufficient heterogeneity in the post-fire environment to permit the 

spread of fire in successive years, so that interannual fiiel dynamics appear to be less 

limiting. Fuel dynamics are a likely ecological mechanism for sensitivity of the Weibull 

and lognormal shape parameters to scale, with concomitant changes to the probability 

density function. 

The Weibull probability density function takes a characteristically unimodal 

shape for a common range of values for the shape parameter. Modality occurs because 

the distribution is a compound fiinction consisting of a power term (and a negative 
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exponential term {a'"). Power fiinctions increase faster from the origin than their 

corresponding positive exponential ftinction (compare to 3^), but as x becomes large 

the exponential fiinction always dominates. Because lim oT'' - 0, these simple compound 
X->oo 

functions reach a mode where = x " .  Behavior of the power and exponential terms 

near the origin accounts for the typical positive skewness of these functions: where x is 

large, the power term continues to increase as the exponential term approaches 0 

asymptotically. From this perspective it is clear how a scales the Weibull function, and 

how b controls the modality: these terms modify the exponential component of the 

equation that is dominant at high x. The resulting positive skewness accounts in part for 

the ability of the Weibull distribution to fit fire interval data. However, mathematical 

properties of the distribution do not necessarily constitute an ecological interpretation 

(McCarthy, Gill et al. 2001). 

Ecological interpretation of the lognormal distribution. The ecological 

motivation for the lognormal distribution arises from a different line of reasoning. The 

lognormal is the limiting distribution for a multiplicative process with a large number of 

interacting factors. As we showed earlier, this applies to a frequent fire regime as 

exemplified by the forest at MCN. In this case, the shape of the distribution is not linked 

specifically to any one factor. Instead, fire ignition and spread are functions of many 

interacting factors, each of which has its own probability distribution. Spatial and 

temporal variation in weather, ignition, fuels, and topography (and in the many individual 

variables within each of these broad categories) satisfies the lognormal condition of 

multiple interacting and contingent factors. Under these conditions, the lognormal 
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emerges as a default prediction for sequences of fires as complex, multiplicative 

ecological processes. 

Two parameters, // and cr, regulate the lognormal pdf and give it scale sensitivity. 

As scale increases, the mean interval // decreases, as is evident in the scaling plots with 

increasing area (Figure 5). The lognormal median M = so /i = In M (Evans, Hastings 

et al. 2000). The mode m of the lognormal distribution, is related to // as 

M e" (_2) 
m = —Y - —r ~ ^ Eq. 7 

e e 

The shape parameter cris influenced less strongly by scale (Figure 8). It is easy to 

see that, as scale increases and the median fire interval approaches one year (annual fire 

occurrence), // —> 0 {i.e.. In 1), and the mode m -> e^~'^ Calculated values of the 

lognormal modal probability interval reveal scale dependence similar to that observed for 

other properties of this probability distribution (Table 2). 

The observed modality in the fire record at small spatial scales may also be an 

artifact of the fire scar record itself. Fire scars form only under specific conditions, in 

which cambium cells are exposed to lethal temperatures (Gill 1974; Agee 1993).(Gutsell 

and Johnson 1995) (Peterson and Ryan 1986). Scar formation is affected by fuel biomass, 

size distribution, moisture, and proximity to the tree; air speed and humidity; topography; 

and bark thickness and thermal conductivity and the presence of prior scars, which are 

more likely to facilitate recording a subsequent event. Very low intensity (< 250 kW m"') 

or temperature (< 400 ° C.) surface fires may not kill cambial cells in thick-barked trees 
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at all, or at a very low rate, although they may be ecologically significant in terms of 

juvenile survivorship. 

For values of cr similar to those observed in MCN, the lognormal hazard function 

increases for several years to a peak and then levels or declines. This behavior suggests 

an ecological mechanism in fuel dynamics similar to that for the Weibull distribution. 

Other probability distributions, such as a litter accumulation and decomposition model 

proposed by Olson (1963), could be used in combination with the lognormal fixnction to 

represent fuel dynamics over time explicitly, and thus alternative ways of modeling the 

hazard function (McCarthy, Gill et al. 2001). 

Fire history and probability. The approach taken in this paper is explicitly 

macroecological, in that we focus on scale dependence of probability models used to 

characterize the fire regime, reflecting the aggregate statistical properties of many fires 

distributed across space and time (Brown 1995a). However, time and space averaging can 

also obscure ecological relationships, especially at the interannual scale. There are 

important questions about fire regimes that probability analysis alone cannot answer, 

including issues of high-frequency temporal variability, the relationship of individual fire 

years to interannual climate variation, and patterns of regional synchrony in fire years 

(Swetnam and Baisan 2003). The analysis of individual events and their climatic and 

ecological context is essential to understanding the mechanisms of fire as an ecological 

and physical process (Johnson and Miyanishi 2001). 
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These alternative perspectives on the probability distribution of fire intervals in 

ponderosa-pine systems are not mutually exclusive. Indeed, a combined approach may 

offer the most coherent view of both fire regimes and individual events. For example, the 

period of reduced fire fi^equency in the early 1800's, and the high-fi-equency periods in 

the mid-late 1700's and 1800's, illustrate the potential importance of the higher moments 

of the temporal distribution of events, and the ecological significance of the tails of the 

distribution of fire intervals over multiple decades. 

Macroecological analysis of multiple events in space and time offers insight into 

broader-scale emergent patterns that reflect the underlying distributions fi-om which 

individual events are drawn (Lertzman, Fall et al. 1998). The fi^equency and temporal 

distribution of disturbance events can be described in probabilistic terms and 

incorporated into stochastic models. For example, probability distributions play a key 

role in modeling population and species dynamics ((Levin 1992; Keitt and Stanley 1998)) 

and evolutionary responses to ecological variability (Chesson 1985; Clark 1996; Pake 

and Venable 1996; Clauss and Venable 2000). Probability analysis can be particularly 

useful for understanding and modeling long-term changes in fire regimes, and the extent 

to which they track interannual and decadal climate change (Clark 1990a; Keane, Amo et 

al. 1990; Lertzman, Fall et al. 1998). Further joint work along these lines will contribute 

to our basic understanding of the dynamics of disturbance in forested ecosystems. 
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Figures. 

1. Probability density function of a lognormal distribution. The lognormal pdf is 

shown for a family of distributions with 1.0, and 0.4 < (T< 1.2, plotted on arithmetic 

axes. For a given n, the modal value of the pdf is highest for low cr and approaches 1 as cr 

jw (Eq. 7). 

2. Area map of Jemez Mountains study area. 

3. Time series of fire events at Monument Canyon RNA, by grid cell. Each line maps 

the composite fire record (CFR) for a single grid cell. Solid horizontal lines indicate 

recording periods for the grid cell; dashed lines indicate non-recording periods (prior to 

the first scar, or periods where no trees retained their record). Vertical tick marks indicate 

years of fire events recorded by any tree in the composite. The shaded background 

indicates the 345 yr analysis period (1598-1942). 

4. Fire interval series by year for the study area as a whole. For the period 1600-1942, 

grey circles indicate the number of years since previous fire in the composite fire record 

for MCN as a whole. The detection of fire events, and estimation of fire fi-equency during 

this period, is not correlated with sample size nor is there evidence of a temporal trend. 
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5. Frequency histograms and fitted functions for Weibull and lognormal 

distributional models for multiscale fire interval data from Monument Canyon 

RNA, Jemez Mountains, NM. The number of fires and fitted probability density (y-

axes) are plotted as a function of fire interval (x-axis, 1-yr interval classes) for window 

sizes of 4 - 256 ha. At smaller extents, short return intervals are less common due to local 

fiiel dynamics and patchy fire behavior. At larger extents, local patchiness in the fire 

mosaic is smoothed out, producing a non-modal, monotonically negative distribution of 

th fVi 
fire intervals. Box plots above each histogram bracket the 25 , median, and 75 interval 

percentiles; the lower and upper ends of the whisker line indicate the lO"' and 90*'' 

percentiles, and individual dots mark outlying values. Diamonds are centered on sample 

mean interval and 95% confidence interval. Light grey line: fitted lognormal distribution; 

dark grey line, fitted 2-parameter Weibull distribution. 

6. Scale dependence with area in moments of the frequency distribution of fire 

intervals. The first three moments are plotted against spatial extent: (a) mean, (b) 

variance, and (c) skewness, along with the coefficient of variation (d). Scaling 

relationships of the mean, variance, and c.v. of the mean are strongly log-linear (log-log 

regression with 95% confidence interval shown), while skewness scales linearly with area 

(Table 3). Points are means of all composites for a spatial scale; heavy lines are fitted 

regression models, with 95% confidence interval (dashed lines) for model. 
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7. Scale dependence of maximum fire interval at Monument Canyon RNA. The 

maximum fire interval recorded in the fire occurrence series 1598-1942 varied with 

spatial scale. Composite fire records from smaller areas (< 64 ha) had occasional long 

intervals between recorded events, while composites from larger areas (> 196 ha) were 

never longer than 10 yr. Black points are mean values for all composites of a window 

size; heavy line is fitted logarithmic regression; dashed lines are 95% confidences 

intervals for regression model. 

8. Scale dependence with area in the parameters of two fitted models of fire interval 

distribution. Lognormal (A): (a) // and (b) a. Weibull (W): (c) a, scale, and (d) b, shape 

parameters. Log-log regression was parsimonious for and both Weibull parameters; a 

linear model was parsimonious for A(j(Table 3). Points are means of all composites at a 

given scale; heavy line is fitted regression model, and dashed lines are 95% confidence 

interval for model. 

9. Quantile plots of fire interval data from Monument Canyon RNA for the 

lognormal and Weibull distributions. Q-Q plots compare empirical distributions to 

predicted values of the lognormal (a, c, e, x-axis in yr) and 2-parameter Weibull 

distribution (b, d, f, x-axis in logio yr). Panels a, b: full study area; c, d, 100-ha; e, f; 4 ha 

composites. In each plot the straight line indicates the predicted value for the model, 

bracketed by 95% confidence limits for the empirical distribution. Black squares are 

empirical fire intervals. 
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10. Scaled lognormal probability density function for fire intervals. Scale dependence 

in the probability function reflects the influence of area (jc, ha), time interval (y, yr), and 

probability density (z). Changes in the shape of the pdf are attributable to scale 

dependence in the parameters ju and a. At smaller extents (4-16 ha), the lognormal pdf is 

modal with a long positive tail; as scale increases, the mode of the distribution migrates 

to the };-intercept and the tail shortens (c/ Figure 5). Scaling of the mean fire interval is 

mapped onto the xy plane (dark line). 

Tables 

1. Fire dates and the associated fire interval series for a sample composite fire 

record. The composite fire series within the analysis period for grid cell #135 begins 

with an event in 1648 and ends with an event in 1899. For each fire date, the table gives 

the number of recorder trees, number and percent of recorder trees scarred, and interval 

(yr) since previous fire. 

2. Moments of the empirical distribution and parameter values of fitted 

distributions for multiscale fire interval data from Monument Canyon RNA. For 

each sampling scale, the table shows estimates of the first three moments (mean, 

variance, and skewness) of fire intervals, along with the coefficient of variation and 
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maximum fire interval observed, and parameter estimates for the lognormal and Weibull 

probability distributions. Lognormal mode is calculated fi^om Equation 7. 

3. Regression analysis of moments of the frequency distribution of fire intervals and 

parameters of the fitted lognormal and Weibull models. Type of fitted regression 

model (linear, logarithmic, square root), adjusted and significance of regression slope 

for each moment, statistic, and parameter. 

5. Quantile estimates of fire intervals for empirical data and fitted lognormal and 

Weibull distributions. 2.5"', median (50'*'), and 97.5*'' quantiles for fire intervals at 

scales from 4 - 288 ha. 
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Figure 2. 



Figure 3. 

y {til hiliinii 
• i » I • 

IB| 
-1 iiHT ip 

p i 
i m 

i 1 
TI I 

COMPOSITE 
ALL SERIES 
MIN SCARS = 1 
MIN SAMP = 1 

1350 1400 1450 1500 1550 1600 1650 1700 1750 1800 1850 1900 1950 2000 
K> 



Fire interval (yr since previous fire 



O '  

O' 

o 
o 

Count 

S o 9 o ^ 
Probability 

o 

o' 

o 

o 

Count 1 I I I r 
o o o o o 
o O <3 ^ ^ 
u (n (B o (0 

Probability 

HQ 
P 

f j t  

Count 

o o o b ^ ^ c;i o ui 
Probability 

£ I Z  

o-
— 1 1 

o~ 

to — K) 

T 

Lh 
o\ 

u. o Sir 
p 

to 0)  ̂ oi 9 
o o o o o S 

Count -0
.4

0
 

-0
.3

0
 

.•& 2
 

-0
,2

0
2
 

S
 

CL 

-0
.1

0
 



Figure 6. 

LL s 

300 250 100 150 200 

Area (ha) 

c 

I 
CO 

250 300 150 200 100 

Area (ha) 

60- I! 

200 250 300 0 50 100 150 

Area (ha) 

u_ s 
u 

300 100 150 200 250 

Area (ha) 

to 



215 

Figure 7. 
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Table 1. 

Fire Recorder Trees Percent Fire 
Year Trees scarred scarred interval 
1648 3 3 100 , 

1658 3 1 33 10 
1664 4 2 50 6 
1668 2 1 50 4 
1679 3 3 100 11 
1691 3 3 100 12 
1696 3 3 100 5 
1704 3 1 33 8 
1709 3 1 33 5 
1716 3 3 100 7 
1724 3 3 100 8 
1729 3 3 100 5 
1745 4 3 75 16 
1752 5 2 40 7 
1763 5 4 80 11 
1767 5 2 40 4 
1773 5 2 40 6 
1778 5 3 60 5 
1786 5 1 20 8 
1795 5 1 20 9 
1801 5 3 60 6 
1818 5 3 60 17 
1836 5 3 60 18 
1842 5 4 80 6 
1851 5 5 100 9 
1855 5 1 20 4 
1861 5 4 80 6 
1870 5 4 80 9 
1876 5 1 20 6 
1879 5 1 20 3 
1880 4 1 25 1 
1887 4 2 50 7 
1892 4 3 75 5 
1899 3 2 67 7 



Table 2. 

Fitted Lognormal WeibuU 

Scale (ha) Mean Variance Skew C.V. 

Max 
FI mu sigma mode a (scale) b (shape) 

4 10.39 64.19 2.19 77.10 67 2.08 0.76 4.50 11.51 1.43 
16 6.75 29.68 2.89 80.71 49 1.67 0.80 2.82 7.91 1.20 
36 5.35 16.61 2.63 76.18 38 1.44 0.77 2.33 6.16 1.28 
64 4.33 9.41 1.84 70.84 28 1.23 0.75 1.94 4.92 1.37 
100 3.68 6.86 1.87 71.17 24 1.07 0.73 1.72 4.17 1.45 
144 3.11 4.73 2.36 69.98 22 0.91 0.68 1.56 3.48 1.56 
196 2.79 3.34 1.09 65.48 10 0.81 0.66 1.45 3.14 1.63 
256 2.58 2.76 0.99 64.42 8 0.75 0.64 1.39 2.91 1.67 
288 2.55 2.89 1.23 66.64 8 0.73 0.65 1.36 2.87 1.62 

to K) 
O 



Table 3. 

Moments of the 

frequency distribution of 

fire intervals 

r adj p (slope) 

Regression type 

Mean 
Variance 
Skewness 

Logarithmic 
Logarithmic 
Linear 

> 0.99 <0.0001 
0.99 <0.0001 
0.66 0.0048 

c.v. 

Maximum FI 

Fitted distribution model 

Logarithmic 

Logarithmic 

Parameter 

0.74 0.0017 

0.84 0.0003 

Lognormal 

PL Logarithmic 0.96 <0.0001 
o Linear 0.90 <0.0001 

Weibull 

a (scale) Logarithmic 0.99 <0.0001 
b (shape) Square root 0.69 0.0034 
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Table 4. 

Quantiles Scale (ha) 

97.5 4 16 36 64 100 144 196 256 288 

Empirical 
32.0 21.3 16.0 12.0 9.2 7.0 7.0 6.8 7.0 

Lognormal 35.3 25.4 19.2 14.9 12.1 9.5 8.3 7.5 7.3 

Weibull 28.7 23.6 17.1 12.8 10.2 8.1 7.0 6.4 6.4 

Median 

Empirical 
8.0 6.0 5.0 4.0 3.0 3.0 2.0 2.0 2.0 

Lognormal 8.0 5.3 4.2 3.4 2.9 2.5 2.3 2.1 2.1 

Weibull 8.9 5.8 4.6 3.8 3.2 2.7 2.5 2.3 2.3 

2.5 

Empirical 
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 

Lognormal 1.8 1.1 0.9 0.8 0.7 0.7 0.6 0.6 0.6 

Weibull 0.9 0.4 0.3 0.3 0.3 0.3 0.3 0.3 0.3 
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APPENDIX C. THEORY AND EFFECTS OF SAMPLE SIZE IN FIRE HISTORY. 

Abstract. 

Fire history begins with compilation of a census of fire years for a defined study 

area. From these data, statistical measures of the fire regime are calculated, as well as the 

relationship of individual fire years to driving factors such as interannual climate 

variability. We show that sample size (number of sites, and number of trees per site) can 

affect the census of fire years captured in a field study. Fire scar formation and retention 

reflect a combination of stochastic and deterministic factors, leading to uncertainty 

regarding the completeness of the record fi-om individual trees. This uncertainty can be 

expressed in terms of an error typology, where the inference of lack of an event is 

difficult to distinguish firom affirmative evidence that an event did not occur. Composite 

fire records (CFR's) are used to overcome this uncertainty, and can be rationalized in 

terms of a serial probability function based on scarring rates in a population of trees. A 

collector's curve for fire dates can be assembled similarly to those used in species 

biogeography. We describe the basis for collector's curves in terms of set theory and the 

accumulation of sets of discrete entities, for which a marginal rate of increase provides 

the slope of the collector's curve, and the union of sets for a given sample size is the 

integral. We test the effect of sample size (number of trees and number of sites within the 

study area) on measures of the fire regime at multiple spatial scales in an unlogged, old-

growth ponderosa pine forest in the Jemez Mountains, New Mexico, USA. We apply a 

regression-based approach to correct for sample size for a given spatial scale. All fire 
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regime measures tested were sensitive to sample size, although the strength of the 

relationship varied among metrics and by scale. Assembling an accurate census of fire 

dates is critical not only to estimation of parameters of the fire regime, but also to fire 

history studies based on analysis of individual fire dates. 

Keywords: sample size, collector's curve, accumulation function, probability 

models, fire history, dendroecology, sample depth, statistical error, set theory, composite 

fire record, Pinus ponderosa. 
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Introduction. 

Paleoecological research involves the reconstruction of ecological events that 

occurred in the past, using evidence that survives to the present. We can calibrate this 

evidence of past events with contemporary observations, for example by observing the 

processes of ring growth or fire scar formation in trees under known conditions. 

However, as in any paleoecological reconstruction, individual remnant evidence typically 

represents an incomplete picture of the events and conditions at the time of its creation. 

This limitation is well recognized by paleoecologists, who must limit their spatial and 

temporal domain of generalization depending on the source of primary data (Swetnam, 

Allen et al. 1999; Pandolfi 2001). In dendrochronology, for example, variation in ring 

widths from an individual tree may reflect an unknown combination of tree age and 

vigor, competition, water and nutritional status, genotype, mechanical injury, insect 

damage and fungal diseases, and interannual climate variation (Fritts 1976; 

Schweingruber 1988). For this reason, samples must be sufficiently replicated to 

eliminate sources of variation that apply only to a single tree or group of trees. 

A similar caveat applies in fire history research (Swetnam, Allen et al. 1999). In 

the historic fire regime of forests of southwestern North America dominated by 

ponderosa pine (Pinus ponderosa var. scopulorum Engelmann), low-intensity fires 

burned primarily through the surface (litter) and sub-surface (duff) fiiels, and less 

commonly through the crowns of mature trees (Weaver 1951; Cooper 1960; Swetnam 

1990; Sackett, Haase et al. 1994; Swetnam and Baisan 1996; Touchan, Allen et al. 1996; 

Swetnam and Baisan 2003). Such fires commonly caused basal damage to the lateral 
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meristem (cambium) and roots of trees, heating cambial cells beyond a critical threshold 

near 60 °C at which cell death occurs in most tree species (Hare 1961; Fahnestock and 

Hare 1964; Levitt 1972; McBride 1983; Outsell and Johnson 1995; Johnson and 

Miyanishi 2001b). Provided that the region of cell injury is not too large, the tree can 

survive using remaining uninjured portions of phloem for transport (Harrington 1993). 

However, lateral growth is no longer possible on the radial axis where the cambium has 

been killed, and the dead cells form a lesion, or scar, which is overgrown by successive 

years' xylem growth from adjacent healthy cambium. The scar remains embedded in the 

tree, often on an exposed growth curl ("catface"), unless it is grown over, removed by rot 

or mechanical damage, or burned off in a subsequent fire. 

Fire scar formation and retention thus reflect a combination of deterministic and 

stochastic processes. First are the variable behavior and intensity of a fire, which are 

influenced by a number of factors including fuel depth (biomass), bulk density (mass 

volume"'), spatial continuity, and moisture content; temperature, velocity, and relative 

humidity of air masses; and micro- and meso-topography (Finney 1993, 1999; Johnson 

and Miyanishi 2001a; Saito 2001; Ward 2001). Second, a variety of tree variables 

influence tree response to local fire, particularly bark thickness, height to live crown, 

rooting depth, and vigor (Gill and Ashton 1968; Loehle 1988; Ryan and Reinhardt 1988; 

Reinhardt and Ryan 1989; Ryan 1990; Outsell and Johnson 1995). Third, a set of 

contingencies affects the retention and preservation of lesions, including subsequent 

burning, mechanical damage, wood decomposition, and mobilization by the tree of resin 

into xylem cells in a zone from the heartwood to the injured surface (Dieterich and 
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Swetnam 1984). Finally, the frequency of fires over a period of years is influenced by 

spatial distribution and production rates of fine fuels and interannual climate variation 

(Cooper 1960; Hart, Firestone et al. 1992; Knapp 1995; Stephenson 1998; Miller and 

Urban 1999; Beaty and Taylor 2001; Keane, Austin et al. 2001; Westerling, Brown et al. 

2001; Baker 2003; Flannigan, Stocks et al. 2003). The net effect of these processes is that 

any given tree may retain a record of only a portion of the fires that occurred in its 

proximity. The evidence from a single tree provides an accurate, but often incomplete, 

record of fire events in its immediate vicinity. 

In this paper we explore the effects of sample size in reducing potential error of 

inference in fire history. We begin by applying error typology to the forms of evidence 

and inference used in fire history. Since the first step in accurate characterization is an 

accurate census of events in space and time, we then develop a theory of the collector's 

curve for fire dates in a record, based on set theory of discrete events. We then propose 

and test a method for sample size correction of fire history data sets. We apply this model 

to the number of trees within sampling windows of varying size, and test the extent to 

which metrics of the fire regime are sensitive to sample size for a given scale. A similar 

procedure can be applied to examine the effect of the number of sampling locations 

within a study area, which can be modeled by simple analj'tical fimctions that permit 

estimation of the asymptotic fire frequency that would be obtained with a high density of 

sample locations. 

Our domain of inference includes the high frequency, low-intensity surface fire 

regimes common to pine forests throughout southwestern North America. In these 
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ecosystems, most mature trees survive most fire events; it is the combination of 

sensitivity and survival that creates a fire scar record that is extensive in both space and 

time. We leave open the question of whether the methods outlined here can be applied to 

other ecosystem types with different fire regimes, particularly those where mortality of 

dominant trees is significantly higher. 

An error typology for dendrochronology. 

Uncertainty in the relationship of the record to the causative events has long been 

recognized in fire history research, and forms the basis for discussions of interpretation 

and inference in the fire history record (Outsell and Johnson 1995; Lertzman, Fall et al. 

1998; Miller and Urban 2000; Baker and Ehle 2001). One way of expressing this 

uncertainty in fire history is by considering potential types of error in inference. Fire 

history begins with a set of evidence fi"om which we reconstruct a picture (rows) of past 

events (columns). Because we cannot observe past events directly, we use reasoned 

inference to do so, using the evidence that is available to us. For simplicity, we allow the 

events being discriminated to be binary {i.e., a fire of sufficient intensity and duration to 

cause cambial death either did or did not occur), even though we recognize that fire 

intensity and scarring and preservation rates are continuous processes. 

For a sample of one or more trees we can state the relationship of fire-scar 

evidence to actual past events as a categorical hypothesis. A null hypothesis, Hq, that no 

fire occurred in a given year, could be contrasted with an alternative Ha that fire did 
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occur. Four types of outcome are possible in the relationship of inference to the 

occurrence of events (Table 1): 

1. Correct inference tliat an event occurred. In this case, a scar is correctly 

interpreted as the result of cambial damage from fire (that is, a "true positive"). The p-

value associated with this outcome is equivalent to statistical power, the correct rejection 

of the null hypothesis that no fire occurred (Steidl and Thomas 2001). Furthermore, these 

events reflect a wide range of intermediate intensities, since fires too low in intensity will 

fail to cause a scar, and fires too high in intensity will kill the tree, although the 

propensity to form a cambial lesion is partly a function of prior scarring. 

2. Incorrect inference that an event occurred. This type of error occurs when a 

scar that was formed by some other process, such as lightning, mechanical injury, or 

damage caused by insects or frost is attributed incorrectly to fire (McBride 1983). This 

outcome reflects as false positive, analogous to Type I error in hypothesis testing, the 

incorrect rejection of a null hypothesis that fire did not occur (concluding that fire 

occurred when in fact it did not). Dendrochronological field, laboratory and analytical 

methods are especially designed to minimize Type I error, for example by distinguishing 

fire scars from other injuries in the field (Rvindel 1973; Ryan 1982; McBride 1983; 

Dieterich and Swetnam 1984; Swetnam, Thompson et al. 1985; Outsell and Johnson 

1995). 

3. Correct inference that an event did not occur. This outcome is a true 

negative, equivalent to the failure to reject a null hypothesis that fire did not occur. The 

inference that no fire occurred is the most difficult in fire history research, because 
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"absence of evidence is not evidence of absence." Due to the heterogeneity in intensity of 

surface and sub-surface fires at small spatial scales, as well as variability in tree 

characteristics that influence scarring rate, dendroecologists are correctly reluctant to 

assert that the lack of scar evidence on a single tree indicates conclusively that no fire 

occurred. However, the probability of a 1-a outcome can be increased with sample size, 

as is explored below. 

4. Incorrect inference that an event did not occur. The net result of fine-scale 

heterogeneity in fire intensity, and variability in tree characteristics that influence 

scarring rate and retention, is material evidence that may not reflect all events that 

actually occurred in a particular location. It follows that fire scars provide a conservative 

estimate of fire occurrence for a given space and time, a constraint that most 

dendrochronologists accept in their interpretation of the record. This outcome is a false 

negative, equivalent to Type II error, incorrect acceptance of a null hypothesis of no 

event. One purpose of sample size analysis in fire history is to explore the extent to which 

increasing sample size can reduce false negatives and effectively increase the confidence 

that the record is complete. 

It is the nature of the surface fire regime and the processes of fire scar formation 

and retention that it is difficult to distinguish false negatives (Type II error, failure to 

detect a fire that occurred) from a true negative (correct inference that fire did not occur). 

A typical low-intensity fire may scar 10-20% or fewer trees in a stand (Fall and Lertzman 

1999). Because a proportion of scars are not preserved long enough to be sampled, most 

dendrochronologists do not regard the absence of a scar on an individual tree as 
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conclusive evidence that fire did not occur in the immediate vicinity of that tree. A fire 

scar, by contrast, is affirmative evidence of an event. This position is consistent with the 

correct interpretation of a formal hypothesis test: the failure to reject a null hypothesis 

(here, no evidence that fire occurred) is not "proof that the null hypothesis is true (fire 

did not occur), but only an indication that there is insufficient evidence to conclude 

otherwise (Zar 1984; Sokal and Rohlf 1995). 

Composite fire records. 

The probability (R) that a tree will record a fire (f) can be expressed as a 

conditional probability given that an event occurred, p (R|f). Although scar formation and 

retention on individual trees are highly variable, the underlying relationship between fire 

occurrence and the fire scar record is more predictable in a sample of multiple trees. 

Sampling multiple trees of similar age, size, species, and microtopographic position 

within a site can compensate at least in part for variability in scar formation and retention. 

The rationale for sampling multiple trees lies in the nature of scarring 

probabilities. Consider two trees, each with a probability p of recording a scar in a given 

fire event, where the outcome is in binary sample space {0,1}, i.e. a scar is or is not 

formed. The probability that both trees will record an event is p^, and the probability that 

neither tree will record an event is (1 -pf. However, the probability that at least one tree 

will record the event is equivalent to the serial probability, the sum of their individual 

probabilities minus their joint probability, 

= P\ +P2-PIP2 
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or 1 - (probability that neither tree will record the event) (Lindgren and McElrath 

1966; Bain and Engelhart 1987). This can be generalized to a sample of any number of 

trees, where the total probability that at least one tree in a sample of n trees will record an 

event is 

=  l - ( l - p ) « .  

More generally still, let scarring probability vary among trees, where the scarring 

probability of the ith tree in a sample recording a fire event is/>„ 0 </? < 1. Assume 

further that the scarring probabilities of individual trees are independent of each other 

(covPipj = 0, i.e. whether one tree forms a scar is unaffected by whether another tree 

scars). Then the probability of at least one tree recording an event is 

= 1 - (1 -p\) i \  -P2). . .{ \  -Pn) 

M 

For a given scarring rate, as the number of trees sampled increases, the probability 

of correctly inferring an event (1-yff) increases, and the probability of incorrectly 

accepting the null hypothesis (fi) decreases correspondingly (Figure 1). Note that this 

improvement in inference also applies to the probability of correctly concluding the 

absence of a fire, 1-a. 

This probabilistic property of a sample of multiple trees in a stand is the basis for 

the practice of forming a composite fire record (CFR) (Dieterich 1980b). The CFR is the 

superset of events recorded on any tree in a collective sample; thus, it is correct to assert 
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that the CFR represents events recorded by at least one tree somewhere within the 

sampled area (without implying that every event detected occurred everywhere in the area 

sampled). The CFR can be used to estimate statistics of the fire regime, such as fire 

frequencies, intervals, or rotation (Dieterich 1980b). 

Inferences based on the CFR have the advantage of multiple independent 

response and sample units (trees), particularly if the trees are drawn from relatively 

homogeneous conditions with respect to factors that influence fire spread and intensity, 

such as topography and fuel conditions. Note that the CFR cannot absolutely distinguish 

Type II error from correct inference that an event did not occur; the composite only 

reduces the probability of confounding these outcomes. Even given exposure to an 

identical time-temperature function of fire intensity, tree scarring and retention rates vary 

(due to intraspecific differences and individual variation in bark thickness and prior 

scarring). Even in a sample of trees, a scar may not be present, either because all trees 

failed to record an event, or because the event was patchily distributed within the sample 

area. 

Collector's curves for fire events. 

Although the CFR helps overcome the variable fidelity of individual trees to 

actual historical events, the introduction of multiple samples introduces a new problem. 

As sample size increases, the number of events (fires) detected also increases, at an 

unknown rate. Because we are interested ultimately in characterizing the fire regime of a 

given area, we need to adjust for the effect that sample intensity may have on the estimate 
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of the number of fires that occurred within a given sample area. This correction is 

necessary if we are to distinguish the separate effects of sampling intensity (e.g., number 

of trees) vs. area sampled (Falk and Swetnam 2003; Falk 2004a). 

The problem is analogous to the problem of estimating species richness from a 

number of sample plots. For a given area, the number of species detected (s) is a fiinction 

of the number of samples (trees or plots). As n increases, s generally increases at a 

decreasing rate, depending on the fiinctional form (Pielou 1977; Palmer and White 1994; 

Hayek and Buzas 1997). For example, if the distribution of species abundances is a 

logarithmic series, then s increases without approaching an asymptotic value (Pielou 

1975, 1977; Magurran 1988; Rosenzweig 1995). By contrast, if species abundances 

follow a negative binomial distribution, then the accumulation function of s is asymptotic 

to S, the total number of species in the pool (Pielou 1977). Thus, whether a species 

accumulation function behaves asymptotically is to some extent dependent on the 

underlying distribution of species abundances. 

A similar framework may be applied to the accumulation of fire dates with 

increasing sample size. The number of fires detected in a given area will be a 

nondecreasing function of sample size. Indeed, this is the underlying motivation for use 

of the composite fire record: fires not recorded by one tree may be recorded by another. 

The problem is thus to evaluate when a sample of multiple trees has accumulated a 

complete census (sensu Pielou 1977) of events that occurred within a specified area. This 

is equivalent to asking whether the cumulative capture of fires is close to its asymptotic 

value. Until on average each new tree added to a sample adds no new dates, metrics of 
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the fire regime cannot be estimated reliably without the use of an asymptotic estimator 

(Hayek and Buzas 1997). 

Because fire dates in the fire history record are discrete entities, we can apply set 

theory to construct an expectation for the collector's curve of discrete events (Appendix 

C.l). We let the fire dates detected by the tree = <D/, a set. Some trees in the sample 

may have identical sets, whereas others will share some dates and contain others that are 

unique. Then as the number of trees increases, the set of fire dates accumulates as Oi u 

O2 u O3 .. .u for ^ = 1...«, so 

(=1 

for a sample of n trees. The marginal rate at which new dates are added to the set 

with each successive tree is the slope of the collector's curve, and the union for sample 

size t is the integral of the collector's curve (see Appendix C.l for derivation). 

The accumulation fiinction reflects the effect of sample size on the number of 

events (fires) detected in a sample, and consequently the estimate of fire fi-equency (fires 

time"'), and by extension the composite mean fire interval (7, the inverse of fi-equency) 

and other statistics of the fire regime that depend on the number of events in a given time 

and space. Sample size may also affect higher moments of the distribution of fire 

intervals, and because the overall frequency distribution of intervals changes, may also 

affect parameters of modeled probability distributions. Therefore, without correction, 

sample size would confound the effects of scale (extent and area) on measures of the fire 

regime. Because the aim of fire history is to assemble an accurate picture of fire regimes 
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of the past, it is important to separate sampling effects from the residual variation in fire 

as an ecological process. 

Methods. 

To test the effect of sample size on metrics of the fire regime, we used a multiscale 

sampling and analysis design, summarized below (further details are found in Introduction 

and Present Study, this dissertation). Specifically, to distinguish the separate effects of 

sample size and sample area, we require a data set where these two factors can be controlled 

independently; on one hand, testing for the effect of sample size (number of trees) with area 

held constant, and conversely testing for the effect of sample area with the number of trees 

held constant (Falk 2004a). 

Field and laboratory methods. We collected fire history data in the 280-ha 

Monument Canyon Research Natural Area (MCN), Jemez Mountains, New Mexico 

(Figure 2). MCN is located at lat 47° 16'38" N, long 106° 37' 30" W; elevations range 

from 2,438-2,560 m (8,000-8,400 ft). Fire history specimens were collected within a 0.5-

ha search area at the center of 4- ha (200 m)^ cells in a gridded layout covering the entire 

study area (Figure 3). Specimens were collected as cross-sections from both live and dead 

trees in order to maximize the temporal extent of the record (Amo and Sneck 1977; 

Kilgore and Taylor 1979; Dieterich and Swetnam 1984; Swetnam and Dieterich 1985; 

Baisan and Swetnam 1990; Fule, Heinlein et al. 2003). Further details about the site and 

collection methods are found in Introduction and Present Study, this dissertation (Falk 

2004b). 
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In the laboratory, specimens were sanded with progressively finer paper until 

individual xylem cells were clearly visible under a dissecting microscope. All specimens 

were initially crossdated to a master chronology for the Jemez Mountains until a ring 

width series for the study area could be developed, to which all specimens were then re-

dated. We determined the dates of inner and outer rings, and of fire and other injuries, to 

year and season whenever possible. We transferred these data to the analysis program 

FHX2 (Grissino-Mayer 1995, 2001).'' FHX2 creates a discrete time series of fire events 

for each specimen in a set, tabulates events according to rules of selection (such as the 

percent of trees recording a given date), and computes many widely used statistical 

measures of fire regimes. We used standard statistical packages for statistical analyses. 

Analytical methods. We created a composite fire record (CFR) for each sampled 

grid cell (GC), by combining the fire dates recorded by any tree within the search area 

into a superset. A grid cell was considered to be active when at least one live tree had 

begun to record fires, although we also analyzed fire dates using higher percent scarred 

thresholds. We excluded grid cells with only one tree or with fewer than six fire intervals, 

which did not have a sufficiently replicated fire record to permit analysis. 

Statistical measures of the fire regime. Response variables in macroecological 

studies are often statistical measures or indices (Brown 1995). In this study, response 

variables are a set of widely used fire regime metrics (Table 2). A fire regime is defined 

here as a multi-variable statistical characterization of multiple fire events within a defined 

domain. Thus, the fire regime reflects the distribution of a variety of properties, including 

'* http://web.utk.edxi/~grissino/fhx2.htm 
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measures of central tendency and variability in both space and time (Johnson 1992; Agee 

1993; Whelan 1995; Lertzman, Fall et al. 1998; Chang 1999). Here we focus on 

properties of the fire regime that pertain directly to the distribution of events in space and 

time, although similar analysis could be focused on other dimensions of the fire regime, 

such as fire intensity, severity, or effects. 

The fire regime measures used in this paper (for example, fire fi-equency and 

mean fire interval) can be calculated for individual trees. However, due to the variation in 

recording and retention of fire dates by individual trees as discussed above, all measures 

used in this analysis were calculated based on the composite fire record reflecting a 4-ha 

cell as the minimum spatial resolution. 

Fire frequency. We tested the sensitivity of two measures of fire fi-equency to 

sample size. The fi-equency of discrete events is defined as the number of events per unit 

time (Chatfield 1975). Arithmetic mean fire frequency (/) is the number of events (a 

count of fire dates) for a specified time interval {e.g., fires yr"' or fires century"'). Like all 

uses of the mean to represent central tendency, this estimate is robust only for symmetric 

distributions; as the temporal distribution of events becomes increasingly skewed, the 

mean is sensitive to outlying values and diverges from other measures of central 

tendency, such as the median and mode. 

Frequency can also be estimated using a modeled distribution of fire events in 

time. Weibull fire fi-equency (/WM), the inverse of the modeled Weibull Median 

Probability Interval (/WM), is the form reported in the FHX2 software and widely used in 

published literature (Grissino-Mayer 1999, 2001). In addition to the stability properties of 
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the median, the use of a modeled distribution can add resistance to the effect of outlying 

values. 

To evaluate whether the use of a fitted model added significantly to the ability to 

characterize fire frequency, we tested the correlation between these various expressions 

of central tendency for the MCN fire regime. 

Mean and median fire interval Intervals between fire events are interesting 

ecologically because they reflect the recovery time for fire-sensitive processes. Because 

fires are potentially lethal events to many (but not all) individuals in a forest community, 

time between fire events plays a key role in the regulating effects of fire on tree 

demography and community physiognomy. For example, seedling and small tree survival 

through surface fires is size-dependent, and hence affected by the time for radial and 

vertical growth between fire events (Peterson and Arbaugh 1986; Peterson and Ryan 

1986; Ryan, Peterson et al. 1987; Ryan and Reinhardt 1988). Larger size classes of trees 

may survive frequent fire events of lower intensity, whereas all species and size classes 

may be killed in less frequent, high-intensity events. 

For a time series of tree rings, there is a distribution of time intervals between 

events. The mean fire interval, a widely cited statistic in fire history and ecology, is the 

arithmetic mean of this distribution and the inverse of fire frequency, (7=/ "^ = 

^/, TV"'). Like mean fire frequency, 1 can be sensitive to outlying values {i.e., 
V (=1 > 

unusually short or long intervals) or asymmetric distributions. In this paper, I refers 

specifically to mean intervals of composite fire records (CFR's). 
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Alternative statistics of central tendency for the frequency of events are the 

median (/M) or modal (/„,) intervals between events, which have the same units as the 

arithmetic fire frequency (fires time"'). The median fire interval (/M) is a usefril fire 

regime metric because of its resistance to outlier effects and the asymmetric distributions 

that are characteristic of fire intervals in many fire regimes (Johnson and Van Wagner 

1985; Clark 1989; Agee 1993; Swetnam and Baisan 1996; Grissino-Mayer 1999). The 

modal interval can also be interpreted ecologically as the most commonly experienced 

time between fires, and may thus refiect prevailing conditions under which fire-sensitive 

organisms grow and reproduce (Clark 1996). Unfortunately, these statistics are not as 

widely used in the fire history, ecology or management literature. 

Weibull Median Probability Interval The Weibull distribution is widely used in 

fire ecology to model temporal aspects of fire regimes (Johnson and Van Wagner 1985; 

Johnson 1992; Grissino-Mayer 1999; Falk and Swetnam 2003). Various forms of the 

distribution are used to model time since fire, cumulative fire occurrence (and mortality, 

under stand-replacing fire assumptions), instantaneous fire probability (probability 

density), and the renewal or hazard fiinction. The Weibull distribution was developed 

originally in materials engineering to describe effects of stress accumulation, and hence is 

used to model time to failure, such as metal fatigue and breaking points of materials 

(Patel, Kapadia et al. 1976; Bain and Engelhart 1987; Evans, Hastings et al. 2000). The 3-

parameter version of the Weibull distribution is flexible in skewness, amplitude, and 

location along the x-axis, and is thus usefril for fitting asymmetric interval distributions 

(Tsokos 1972; Johnson, Kotz et al. 1994). 
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The Weibull Median Probability Interval (/WM) is the time interval for which one-

half of the Weibull probability density function (Wpdf) lies above and half below; that is 

/wM (often abbreviated as "WMPl") is used in fire history and ecology as an 

expression of central tendency, often as a complement to I (Grissino-Mayer 1995). In 

addition to sample size effects, we tested the correlation of the arithmetic mean and 

Weibull median intervals. 

Effects of sample size. The number of samples in a study area (sampling 

intensity) is widely understood in ecology to affect the accuracy and precision of 

estimates derived from field data (Ekblad 1991; Elzinga, Salzer et al. 1998; Southwood 

and Henderson 2000), including in fire history (Dieterich 1980a; Swetnam 1992; Holmes 

and Swetnam 1995; Baker and Ehle 2001; McCarthy, Gill et al. 2001; Li 2002; Fule, 

Heinlein et al. 2003; Swetnam and Baisan 2003). In this study, we test for the effect of 

two components of sampling intensity, the number of trees in a constant area, and the 

number of study plots within the study site as a whole. This study complements a parallel 

study of the effect of area on metrics of the fire regime, when data have been controlled 

for sample size (Falk 2004a). 

Effect of number of trees for a constant area. We developed a relatively 

straightforward method of correcting estimates of the fire regime for sample size. The 

gridded, spatially explicit sampling design allowed us to create composites of varying 

area, from a single 4-ha grid cell to a composite of the entire 280-ha study area. Using a 

moving window approach (Gardner 1998; Bebi, Kulakowski et al. 2003), we assembled 
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composite data sets (CFR's) for all sampled grid cells and combinations of contiguous 2, 

4, 5, 9, 16, 25, 36, 49, and 64 grid cells (corresponding to window sizes of 4, 8, 16, 20, 

36, 64, 100, 144, and 196 ha) (Figure 3). Further details regarding the moving window 

resampling procedure are in Falk (2004a). 

For each composite data set (/ = 1.. .n) in the window size {e.g. a moving 20-

ha window), we generated a CFR using all sample plots within the frame. We then 

calculated arithmetic and Weibull fire frequency, mean and median fire interval, and the 

Weibull Median Probability Interval individually for each CFR combination. We then 

plotted the estimates of each statistic for all CFR^, from a given window size as a 

fiinction of the number of trees in each composite. This gave us a distribution of 

estimates of each statistic, with sample size varying but sample area held constant. The 

accumulation function within a given window size expresses the change in a fire regime 

statistic attributable to the number of trees sampled. Because CFR's created from moving 

windows were composed of data from the original grid cell scale, constant sample density 

(trees ha"') was maintained across sampling window sizes. 

For the set of combinations of E sample extent (window size), we calculated a 

least-squares regression for observed values of each statistic using a power function, the 

reciprocal of sample size (number of trees"') in each combination. These regressions 

generated predicted values for each response statistic as a function of sample size, and 

capture the proportion of the variance in estimates of each statistic that is attributable to 

the number of trees. Residuals from this regression reflect the remaining variation among 

composite samples, from which the effect of sample size has in effect been removed; by 
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definition, the mean of residuals for each sampling scale was 0. For each composite, the 

residual value is added back to the global mean for all composites at that window size, to 

create sample size-corrected parameter estimates. These resulting values retain variation 

among composite data sets, but with the main effect of sample size removed. We 

conducted this correction for all window sizes 4 - 196 ha for which there were 5 or more 

unique composites. 

We tested for the normality of residuals from the sample size regression using the 

Shapiro-Wilks W statistic. We also plotted all combinations in normal quantile plots; 

residuals outside 95 % confidence bands were considered evidence of significant non-

normality (Zar 1984; Sokal and Rohlf 1995; Hocking 2003). 

We used the regression results to estimate the minimum reliable sample size for a 

given window area. We classified small sample sizes that produced estimates of a fire 

regime statistic outside the 95% confidence interval of the reciprocal regression plot of 

sample size as insufficient, and set the minimum sample size threshold where the 

estimate of a statistic fell within the 95% confidence band for each scale. 

Effect of the number of sampling locations. The total number of sampling 

locations within a study area may also infiuence estimates of fire regime metrics, and will 

have a unique accumulation fiinction. We tested for the effect of the number of sample 

locations on fire frequency, using the dataset for the 280-study area as a whole, with a 

bootstrap resampling program, SSIZ (Swetnam 1992; Holmes and Swetnam 1995). SSIZ 

creates sets of 5 = 1.. .N samples by drawing s CFR's randomly from the total sample 

pool, where N is the total number of sites. For each draw of s sites, the number of fire 
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dates captured is recorded, from which fire frequency is then calculated. The procedure is 

repeated iteratively with different random seeds for each run, and the pool of results for 

each sample size is used to generate confidence limits reflecting variation among 

samples. We performed 1,000 iterations of the procedure at each sampling scale (window 

size). We used the slope of the mean of the iterations at s-N {i.e., the full complement of 

50 grid cells) as a measure of how rapidly a resampling procedure was approaching its 

asymptotic value. 

We tested the effect of two variables in the resampling procedure: 

a. Replacement in random draws. Bootstrap resampling can be conducted with 

or without replacement from the original pool (Mooney and Duvall 1993; Bumham and 

Anderson 1998). In random sampling without replacement, the CFR from each location is 

withdrawn from the pool as its fire dates are added to the cumulative set of dates; thus, 

each grid cell is counted once and only once in each iteration of the resampling process 

(Colwell and Coddington 1994; Rosenzweig 1995; Fortin and Jacquez 2000). One 

inevitable consequence of sampling without replacement is that confidence intervals taper 

to a width of 0 when 5 = N (that is, when the last uncounted grid cell is added to the 

pool), because the total fire record is invariant for the pool as a whole; resampling 

without replacement is essentially an iterated stochastic permutation (Simon 1997). 

By contrast, when drawing samples randomly with replacement, each composite 

record is returned to the pool after its fire dates have been added to the cumulative set of 

fire dates. Thus, unlike sampling without replacement, the fire record from any given grid 

cell may be counted more than once. Resampling with replacement produces confidence 
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bands that do not narrow to 0 at 5 = N as an artifact of the total sample pool. 

b. Minimum number of sites recording an event A second resampling variable 

is the number of locations reporting an event. In species-area studies, when all species 

(including highly endemic species) are included in the analysis, species-accumulation 

curves continue to rise as plots are added because the probability of first encounter for 

rare species remains non-zero even when most plots have been sampled (Hayek and 

Buzas 1997). When resampling is restricted to more common species, the collector's 

curve saturates more quickly, reflecting the more rapid accumulation of more broadly 

distributed species. 

As with species studies, if the cumulative sample includes fires recorded at only 

one grid cell, the event-accumulation function may continue to rise until all grid cells 

have been included, because small fires may continue to be encountered in individual 

grid cells even as more sample locations are added. By contrast, larger events recorded in 

at least two grid cells are fewer in number, and hence an accumulation function based on 

these events alone should saturate more quickly. To assess the effect of such "filtering", 

we repeated the resampling procedure for detection of fire dates that were recorded in 

two or more cells. 

Lastly, sample depth (in this instance, the number of recording grid cells for a 

specified year) tends to decline in most fire history studies with increasing time fi-om 

present. We evaluated sample depth (number of CFR's) by year and limited resampling 

analysis of the effect of sample depth to the period for which at least half of the grid cells 

in the study area were recording. 



To predict the asymptotic value of fire regime metrics with increasing number of 

sample points, we fitted six analytical functions to the collector's curve of fire dates 

(Table 3). These fiinctions include members of sigmoid (logistic, Weibull), exponential 

(modified exponential), and saturating growth (Michaelis-Menten and "MMF", a 

modified form) families. We did not test logarithmic or power functions, as these are not 

asymptotic in the limit of s. We used the slope of the event-accumulation function (—) 
Ss 

at 5 = 50 (i.e., for random samples equal in size to the pool as a whole) as a measure of 

how rapidly the curve was approaching its asymptotic value within a domain of sample 

sizes that could realistically be replicated in the field. 

Results. 

We sampled 203 fire-scarred trees in 50 grid cells distributed across the study 

area (Table 4). Ring series from five trees could not be accurately crossdated, leaving a 

dated sample of 198 trees. For the study area as a whole, dated annual rings were found 

for the 648-yr period 1354-2001. The earliest dated fire scar was fi-om 1450 A.D., and the 

latest from 1981, a 532-yr fire record. 

Collections fi-om the search plots in individual grid cells ranged 1-9 trees per site, 

with a mean of 4 trees per site. Grid cell composites had an average start date of 1574, 

and a mean temporal extent of 427 yr. The mean first fire date among grid cell CFR's 

was 1654, and the mean last fire date was 1909, for a mean fire recording period among 

grid CFR's of 344 yr. 
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Using the moving windows, we generated CFR's from a total of 240 

combinations of contiguous grid cell CFR's, ranging from the 50 individual grid cells to a 

single composite record for the study area as a whole (Table 5). We excluded three grid 

cells (103,109, 140) that did not have sufficient fire record to create a reliable local CFR, 

leaving 47 cells in the analysis. We excluded two combinations of 2 adjacent grid cells 

(GC140+149 and GC102+103) that lacked a sufficient number of intervals for analysis. 

Sensitivity of metrics of the fire regime to sample size. 

Fire frequency. Arithmetic (/) fire frequency varied with sample size. The 

strength and statistical significance of the relationship varied with scale for the domain of 

sample sizes collected in the field (Table 6-a, Figure 4). Uncorrected estimates of 

/ ranged from 8.9 fires century ' for individual grid cells to 28.0 fires century"' for 196-

ha composites and 30.3 fires century"' for the study area as a whole. When corrected for 

sample size, estimates of / ranged from 9.5 fires century"' in individual grid cells to 28.7 

fires century"' in 196-ha composites. Sample size accounted for 0 - 70% (mean = 25.8%) 

of the variance in estimates of fire frequency, including 10% or more in composites of 8, 

20, and 196 ha, and 40% or at scales of 16,100 and 144 ha. Regression slopes were 

significant except for individual grid cells and composites of 20, 36, and 196 ha. 

Residuals from the reciprocal regression of sample size (number of frees) were normally 

distributed at all scales (within Q.95, Shapiro-Wilks (p)W> O.W). Variance of residuals 

was correlated with sample size for individual grid cells (Figure 4), but generally 
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homoscedastic at other scales. 

We found a similar pattern for the effect of sample size on estimates of Weibull 

fire frequency (/WM) (Table 6-b, Figure 5). Raw estimates of^WM ranged from 9.4 fires 

century'^ for individual grid cells to 26.3 fires century"' for 196-ha composites and 28.0 

fires century"' for the study area as a whole, which corrected to 10.6 fires century"' for 

individual cells and 26.4 fires century"' for extents of 196-ha. Sample size accoimted for 

1 - 70% (mean = 27.8%), a slightly higher proportion of variance than for arithmetic fire 

frequency (>15% for composites of 20 and 196 ha, and > 30% for all other scales except 

for individual grid cells and 36 and 64 ha composites). Regression slopes were significant 

for composites of 8, 16, 100, and 144 ha and marginally non-significant for composites of 

individual cells and composites of 20 and 64 ha. Residuals from regression of sample size 

(number of  trees)  were normally distr ibuted at  al l  scales (within Q . 9 5 ,  Shapiro-Wilks p(fV) 

>0.13) except for the 100-ha window, which was non-normal (p(W) = 0.05) due to two 

outlying values. Variance of residuals was most strongly correlated with sample size for 

individual grid cells, and generally not significantly correlated with sample size at other 

scales. 

Arithmetic and Weibull fire frequencies were highly correlated at all scales 

(Figure 6). For individual grid cells, Weibull frequency can be expressed as a linear 

transform of arithmetic frequency,/WM = 0.01 + 0.94 f ,r = 0.92. However, for cross-

scale comparison, Weibull frequency is expressed more precisely as a square root 

transform of arithmetic frequency,/WM = - 0.11 + 0.72 = 0.99. 

Mean fire interval Mean estimates of the composite mean fire interval (/ ) 
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varied from 12.4 yr fire"' (mean of individual grid cells) to 3.6 yr fire"' for 196-ha 

windows and 3.3 yr fire"' for the fiill study area (Table 7-a, Figure 7). When corrected for 

sample size, I was 10.1 yr fire"' in individual grid cells and 3.5 yr fire"' for 196-ha 

windows. Sample size accounted for 9-16% (mean = 29.6%) of variance in estimates of 

I at scales of individual cells and 8, 36, 64, and 196 ha composites, and > 30% for 

composites of 20, 100, and 144 ha. Regression slopes were statistically significant only 

for composites of 64, 100, and 144 ha. 

Residuals from regression of sample size (number of trees) were normally 

distributed (within Q.95, Shapiro-Wilksp{W)> 0.05) for composites smaller than 36 ha, 

and non-normal for larger composites (Table 7-a). The variance structure of standardized 

residuals depended on scale of the composite. Single grid cell residuals were 

heteroscedastic; variance was highest in grid cells with the smallest sample sizes (2-3 

sampled frees), suggesting that this sampling intensity was too low to estimate fire 

intervals reliably. Residuals at other scales were not correlated systematically with 

sample size. 

Median fire interval. Mean values of the composite median fire interval (/M) 

ranged from 9.6 yr fire"' for individual grid cells to 3.0 yr fire"' for 196-ha composites and 

2.0 yr fire"' for the study area as a whole (Figure 8). After sample size correction, median 

fire interval (/m) ranged from 8.2 yr fire ' for individual grid cells to 3.0 yr fire ' for 

composites of 144 ha and larger. Sample size accounted for 7-34% (mean = 19.4%) of 

variance in estimates of lu, including more than 15% of variance for 8, 16, 20, 64, and 

100-ha composites (Table 7-b). Regression slopes were significant (p < 0.05) except for 
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composites of 20 and 36 ha. 

Residuals from the regression were normally distributed in 16, 20, and 100-ha 

composites; other residuals were significantly non-normal (Shapiro-Wilks test, p(W)< 

0.05); however, residual normal quantile plots were all within Q.95 at all scales. Variance 

of residuals in individual grid cells was negatively correlated with sample size (Figure 8), 

and was highest in grid cells with the smallest sample sizes (2-3 sampled trees), 

suggesting that these CFR's may have had too few trees to estimate median fire interval 

reliably. 

Weibull Median Probability Interval. Mean values of the modeled Weibull 

Median Probability Interval (WMPI) ranged from 11.7 yr fire"' for individual grid cells to 

3.8 yr fire"' for 196-ha composites and 3.6 yr fire'* for the study area as a whole (Table 7-

c, Figure 9). After sample size correction, WMPI was 9.0 yr fire ' in individual grid cells 

and 3.7 yr fire"' for 196-ha composites. Sample size accounted for more than 15% (mean 

= 36.4%) of variance in estimates of the WMPI at all scales except for composites of 36 

and 64 ha, and was especially strong (0.43 <r^ < 0.70) at scales of 8,16,100, and 144 ha. 

Regression slopes were significant at all scales except for composites of 8, 16 and 196 ha. 

Regression residuals were normally distributed (p(W)> 0.25) and homoscedastic except 

for individual grid cells, where variance was highly correlated with sample size; variance 

was highest in cells with only 2-3 trees sampled, suggesting as with other metrics that this 

sampling intensity was too low for reliable estimation of the WMPI (Figure 9). 

Minimum sample size for various sampling scales. Minimum sample sizes 
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(number of trees) needed to generate a reliable estimate of all five metrics ranged fi^om 4 

trees for individual grid cells to 37 trees for 64-ha composites, depending on the statistic 

being estimated (Figure 10). Beyond 64 ha, all sample sizes in the field collection were 

within regression confidence limits; since no sample sizes were excluded, we could not 

estimate the minimum sample size that would be required. Individual pairwise means 

tests (not reported) indicated significant differences only for the smallest sample sizes at 

each scale. 

For all statistics combined, a log-log regression provided the best model of 

sample size (number of trees) as a fiinction of area in hectares (log SS = 0.36 + 0.78 log 

") 2 
ha; r adj = 0.99), although a linear fiinction could also be used (SS = 3.50 + 0.51 ha; r adj = 

0.97) (Figure 10). 

Sensitivity of fire frequency to number of sample locations. The number of 

recording locations (grid cells) within the study area varied over the 532-yr temporal 

extent of the MCN fire record (Figure 11). By 1598, 50% of sites were recording, and 

90% by 1647. We tested the effect of the number of grid cells on estimates of fire 

fi-equency for the 403-yr period 1598-2000, by randomly resampling from the total pool 

of recording grid cells (S = 50). 

Randomly resampled pools of fire dates followed the predicted graphic form of a 

collector's curve (Figure 12). Event-accumulation fimctions for all fires (i.e., events 

recorded in any grid cell) resampled without replacement did not approach an asymptotic 

value; resampling with replacement improved the asymptotic behavior of the fiinction. 
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although the function continued to indicate the capture of new fires even at the fiall 

complement of sample size (s = 50). By contrast, imposing a minimal filter for fires that 

occurred in > 2 cells produced collector's curves that were strongly asymptotic (Figure 

12 c, d), indicating that the non-saturating behavior of accumulation functions for all fires 

was due to the continued capture of small events. Confidence intervals generated by the 

1,000 iterations narrowed to 0 for resampling without replacement, whereas those 

generated by resampling with replacement remained parallel to the mean of the iterations 

(Figure 12). 

Analytical assessment confirmed that filtering for minimum number of sites 

detecting an event was more influential that the resampling method. Accumulation curves 

for all fires had slopes (mean— of fitted models) at the maximum sample size of 0.12 -
& 

0.26 fires century"'), suggesting that even the full complement of 50 grid cells was not 

sufficient to saturate the fire record for small events (Table 8). By contrast, the slope of 

the accumulation functions of fire events recorded in at least two grid cells was nearly an 

order of magnitude smaller, essentially reaching an asymptote within the pool (mean — 
OS 

= 0.02) regardless of resampling method. Differences between mean slopes were 

significant for all pairs contrasting all fires with 2-cell filters (2-tailed ^-test p « 0.04); 

accumulation slopes were not significantly different for pairs comparing within filtered or 

non-filtered sets regardless of resampling method (Table 9). 

All functional forms of the collector's curves fitted to the output of the resampling 

runs matched the mean output of the resampling runs closely (Figure 13). Sigmoid and 
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saturating growth functions provided slightly better overall models for the accumulation 

function than power and exponential functions across comparisons (resampling with and 

without replacement, all fires and those recorded in > 2 cells) (Table 8). Logistic and 

modified exponential models (Figure 13 c, d) appear to underpredict asymptotic fire 

frequency compared to Weibull and Michaelis-Menten models; in these cases, the lower 

slopes at maximum sample size (Table 8) may reflect a lack of fit to the data. More 

complex models with a larger number of parameters (Weibull, MMF) performed slightly 

better than simpler models (saturating, modified exponential), but the range of values 

was extremely narrow (Figure 14). Parsimony tests of the cost of model parameterization 

were not possible, as different models are not nested (Bumham and Anderson 1998). 

Asymptotic estimates of fire frequency using all fires varied widely both with 

(c.v. = 30.8%) and without (c.v. = 145.5%) replacement. By contrast, asymptotic 

estimates of fire frequency based on fires recorded in at least two grid cells were highly 

consistent regardless of method (19.8 - 22.8 fires century"' resampling without 

replacement, 18.8 - 21.9 fires century"' with replacement; c.v. 5.5 - 5.7%). The logistic 

model generated the lowest estimates of fire frequency in all cases, and the MMF the 

highest. 

Discussion. 

Sample size arises inevitably in field research largely as a result of constraints in 

resources, and tradeoffs in sample intensity and extensiveness. Logistic consfraints are 

likely to prevent exhaustive sampling of large areas, leading to the necessity to sample 
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parsimoniously for the variables in question. Where the goal of sampling is to accumulate 

a census of discrete entities (such as species or fire dates), samples of increasing size will 

saturate to the point where further sampling is unlikely to produce novel information. 

This tendency toward declining returns with increased sample size defines the behavior 

of collector's curves and allows asymptotic extrapolation, e.g. of species richness, for a 

given spatial extent. It is critical that the separate effects of sample size (number of 

samples) and area be distinguished if correct ecological inference is to be made. 

Sample size is widely understood as a critical methodological variable throughout 

ecology (Mueller-Dombois and Ellenberg 1974; Eberhardt and Thomas 1991; Ekblad 

1991; Southwood and Henderson 2000; McPherson and DeStefano 2003). Sample size is 

similarly recognized as a constraint in paleoecological reconstruction of local species 

assemblages, species range and biogeography (Pandolfi 2001). 

Sample size enters into ecological sampling in various ways, depending on the 

objectives of research. Where the purpose is to estimate the distribution of a continuous 

state variable (body mass, population density, tree heights, canopy cover, annual 

productivity, standing biomass, stream pH, soil ion concentrations), sample size is a 

primary factor in stabilizing variance of estimates and determining statistical power 

(Southwood and Henderson 2000; McPherson and DeStefano 2003). For these variables 

sample size exerts its effect primarily on the both accuracy and precision of an estimate. 

By contrast, where the sampling objective is to compile as complete a census of 

discrete entities (most commonly, species) within a defined spatiotemporal domain, 

sample size has a different effect, viz. on the completeness of the sample. Of course. 
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censuses of entities can also be analyzed as state variables (for example, indices of 

similarity and diversity), in which case sample size will influence the variance and 

stability of estimates (Pielou 1974; Alatalo 1981; Magurran 1988; Steidl and Thomas 

2001). 

In fire history, sample size enters as a problem of the second kind, completeness 

of the sample: the objective of sampling is to compile as complete a census of fire dates 

in the tree-ring record as possible within logistical constraints. More precisely, the 

entities that accumulate are datable fire lesions on tree boles, which are inherently 

discrete entities distributed across the landscape. Once the census is complete, a variety 

of continuous statistical measures (such as the descriptors of the fire regime, as well as 

indices of similarity and diversity) can be calculated. If the census is incomplete, the 

derived quantitative measures will be inaccurate. The ecological consequence would be 

incorrect characterization of the rate of a key disturbance process, further confounding 

attempts to relate fire events to variation and climate and topography, or to understand 

biotic and abiotic fire effects and organism responses. 

The results of this study suggest that sample size can significantly affect estimates 

of the fire regime. We found that sample size (number of trees) influenced estimates of 

fire frequency and fire interval at every spatial scale of analysis. For the study area as a 

whole, the number of sample locations had a similar effect, suggesting that both sampling 

intensity and spatial distribution may be equally important. Sparse samples (few trees 

and/or few locations within the study area) are particularly prone to unreliable estimation 

of fire regime parameters. These findings are consistent with other fire history studies 
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where sample size has been tested explicitly (Dieterich 1980a; Swetnam 1992; Johnson 

and Outsell 1994; Morino 1996; McCarthy, Gill et al. 2001; Li 2002; Fule, Heinlein et al. 

2003; Swetnam and Baisan 2003). The sample density in this study of 198 trees in 50 

grid cells for a study area of« 280 ha (0.7 trees ha"', direct sample of 12.5% of study 

area) is consistent with other published fire history studies to date, although our 

systematic sampling design arrayed these samples relatively evenly across the landscape. 

We developed a model of the collector's curve based on the accumulation of sets 

of discrete and distinct entities. A serial probability function provides a null model of the 

rate at which events are detected as samples are added to a composite fire record (CFR). 

For a given mean scarring rate, the probability that an event will be recorded (and the 

record retained) increases at a declining rate as samples are added to the CFR. Because 

the sampled entities are discrete temporal events, the accumulation fimction can be 

modeled in set terms, as new fire dates are added to the union of all previously captured 

fires. Novel elements are added to the accumulated sample at a declining rate because, as 

the union of entities captured increases, the marginal contribution of new information for 

each sample declines. As the estimate of fire fi^equency approaches an asymptotic value. 

Type II error (failure to detect an event that occurred) decreases; in fact. Type II error is 

proportional to the difference between the asymptotic fire fi-equency (which we take to 

represent a full census of dates if such could be assembled) and frequency based on a 

finite sample. One advantage of a set-based theory of the accumulation function is that it 

is free from assumptions about the distribution of relative abundances of the entities 

being sampled (Pielou 1975). 
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We used a power-law regression to partition the variance among samples into its 

components, and then used mean-corrected residuals to retain the remaining variance 

after the effects of sample size had been removed. Other regression models (such as an 

exponential function) could also be used. Given the distribution of variance among 

estimates of various fire metrics at most sampling scales, there is little to suggest that a 

different regression model would alter the sample-size corrected estimates significantly. 

In the limit of n, the power fianction tends to overestimate the number of fire dates within 

a sampling window, because the asymptote is often reached at an ecologically unrealistic 

sample size (i.e., 200 trees in a single ha). However, the power regressions fit well over 

the domain of actual sample sizes, and we used the sample mean to reflect central 

tendency of the estimates. 

All metrics of the fire regime were sensitive to sample size when area was 

controlled. Sample size effects for several metrics appeared strongest at smaller (<16 ha) 

and larger (> 100 ha) sampling scales, and less important at mesoscale composites, using 

significant r^adj values as a measure. Small-area samples reached equilibrium relatively 

quickly, with > 4 trees generally sufficient for a 4 ha area. This probably reflects the 

smaller total number of fire events within a small sample area, which is thus more readily 

censused completely. Large areas may be sensitive to sample size because of the higher 

probability of undetected small or spatially dispersed events; the accumulation function 

of such events may continue to increase as samples are added. 

Resampling of the fire record is a promising approach, which can help to isolate 

both sample size and climate effects (Swetnam 1992; Morino 1996). Restricting the 
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resampling universe to fires that were detected in at least two grid cells dramatically 

improved the stability properties of the accumulation function for sample locations; these 

curves were close to their asymptotic value (< 0.05 additional fire dates century"' sample 

point"') within the actual sample size in this study. By contrast, resampling on all fires 

retained a steeper accumulation slope even at fiill sample depth (> 0.34 additional fire 

dates century"' sample point"'), suggesting that these samples continued to detect small 

events within the study area. In a spatially heterogeneous fire regime characteristic of this 

forest type, there may be many small fires reflecting local ignitions that scar a few trees 

but fail to spread. If the size of these events is much smaller than the 4-ha cell size, then 

the record of these events may continue to accumulate even with a high density of sample 

locations. This is equivalent to the "singleton" problem in estimating species richness 

(Colwell and Coddington 1994; Rosenzweig 1995; Hayek and Buzas 1997; Southwood 

and Henderson 2000). Resampling with replacement generated more realistic confidence 

intervals than the stochastic permutation, and also approached asymptotic values more 

quickly within the domain tested. 

There are other approaches to estimating asymptotic values of discrete ecological 

entities, particularly in the realm of estimating species richness (Pielou 1975; Heltsche 

and Forrester 1983; Miller and Wiegert 1989; Palmer 1991; Colwell and Coddington 

1994; Rosenzweig 1995; Rosenzweig 1998; Southwood and Henderson 2000). The 

simple analytical fiinctions we used performed extremely well and suggest a 

parsimonious solution to the problem of estimating asymptotic fire fi-equency in defined 
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areas. Quantitative differences among fitted models of the collector's curve were slight 

and are unlikely to be meaningful in an empirical context. 

Our estimates of the minimum sample size for reliable estimation of fire 

fi-equency and intervals are based on the MCN data set, and it is not our intention to 

assert that these numerical values are universal; on the contrary, we assume that 

minimum samples will differ for other sites depending on ecosystem type, tree density, 

fire history and the retention of tree-ring evidence. Where field resources are limited, it 

may be tempting to disperse sampling over a larger area with low sample intensity at a 

given point. Our main intention is to suggest that investigators should take sample size 

into account explicitly when designing studies and reporting results. 

Sample size and area are potentially confounded in the paleoecological literature, 

including studies of fire history. Sample area, number of locations, and number of trees 

all vary in the fire history literature, and their potential effect on fire regime 

quantification is rarely considered. Moreover, increasing the number of trees can also 

increase the topographic and ecological heterogeneity of the area sampled. We designed 

this controlled study to allow tests of the separate effects of sample size and area, because 

sample locations were spatially explicit, and sample extent was known and controlled 

through the moving window approach. Other fire history studies where sampling 

locations are spatially explicit could be reanalyzed in similar fashion (Fule, Covington et 

al. 1997; Niklasson and Granstrom 2000; Heyerdahl, Brubaker et al. 2001; Farris, Baisan 

et al. 2003; McKenzie and Hessl 2004). We predict that correction for sample size and 

area will account for some fi-action of the observed variation in fire firequency and return 
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intervals in similar forest types; after correcting for these factors, the residual variation 

would more accurately reflect differences of site and history. The overall result should be 

to sharpen our understanding of the ecological factors that contribute to variation in fire 

regimes in space and time. 
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APPENDIX C.l. A BASIS IN SET THEORY FOR THE COLLECTOR'S CURVE. 

The functional relationship of fires detected to sample size is one form of the 

collector's curve or accumulation function, which we wish to distinguish fi-om a scaling 

function for area alone (Falk and Swetnam 2003; Falk 2004a). The accumulation function 

of fire dates expresses the sensitivity of fire frequency (fires time"') to sample size. Let 

the fire dates detected by the tree s O,, a set. Some trees in the sample may have 

identical sets, while others will share some dates and contain others that are unique. Then 

for the sets from any two trees in a sample, Oi u O2 > Oi and <Di u O2 > O2 (that is, <Di 

n O2 > 0). As the number of trees increases, the set of fire dates accumulates as Oi u O2 

u O3.. .u 0„ for ^ = 1.. .n, and 

t= \  

for a sample of n trees. 

The sets of any two trees i and j chosen randomly from a finite pool may have 

identical sets of fire dates (0, = Oy), no overlap at all (<D, n <I)y = a null set), or 

anjwhere in between. Provided that not all trees have identical sets {i.e. some O, n Oy > 

0), new dates will accumulate in the total sample at a marginal rate of 

Ri = 0„+7 - ([J<D„), or equivalently 
t=\ 

/=! t=\ 

where "marginal rate" refers to the number of additional dates per tree for the 

tree. If the order in which trees are added to the sample is randomized and repeated 
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multiple times, then the average marginal rate for the tree in a sample will converge to 

an average value after M trials to 

M 

Because we are sampling from a finite set, the number of novel dates added with 

each successive tree will decline as sample size increases and events accumulate in the 

set. Because Rt is a rate (average number of new dates with each successive tree), we can 

express the total number of fires detected Ot- as a fimction of sample size n, such that <D, 

00 — 50 
= fit),  with the properties that —- x R,, —- > 0, and —< 0; that is, the number of 

dt dt d t  

fires detected will be a linear or downwardly concave nondecreasing function of sample 

size. This fiinction is the fire date accumulation fiunction, and the graphic representation 

of this function is the fire date collector's curve. The function is formally identical to the 

accumulation function for species in an increasing sample of individuals or plots, and 

arises for fundamentally similar reasons derived from the theory of sets. The marginal 

rate for the rth free is the slope of the collector's curve, and the integral of this curve is 

the union of all fire dates from a sample of t trees. 

It is possible to arrive at a similar estimate of the accumulation rate using the 

average proportional similarity between any two randomly chosen frees (see below). The 

marginal new information detected from successive sample sizes, R,, is thus a measure 

of the contribution of successive sets, and is likely to vary from case to case. As Rt -> 0, 

little new information is gained from the next sample ii.e., the marginal capture of new 
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events declines rapidly), and the accumulation fiinction approaches its upper asymptote 

relatively quickly. When Rt is large, more information (in the form of new events) is 

captured with successive samples, and the cumulative function approaches its asymptotic 

value more slowly. This makes the accumulation function for fire dates directly 

analogous to the collector's curve for species in a sample of increasing number. 

Mean pairwise similarity and application to the collector's curve. 

The sets of any two trees i and j chosen randomly from a pool may have identical 

sets of fire dates (O, = <I»y), no overlap at all (O, n Oy = 0), or anywhere in between. Let K 

denote the average proportional overlap in any two sampled trees (so 0 < x:< 1). If pairs 

of trees are chosen at random repeatedly, O, n O, will converge toward some mean value 

K. The collector's curve function maps the marginal capture rate of new fires (species), 

and the cumulative proportion of fires (species) captured, \-i^. The null form of the 

capture rate of new information in successive samples (the marginal capture rate) is thus 

an exponential function with a base less than 1, with a first derivative of 

The function is downwardly sloped, because since 0 < /c< 1, all In /c< 0, 

although (In k) = 0. 

—K" = (In k) 
dn 

The second derivative of the collector's curve is derived by the product rule 
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Since In is a constant, the second term is zero, leaving 

•^K" =ln;t( lnx-)x^ 
dn" ^ ^ 

- (In Kf 

The marginal capture function is upwardly concave because the second 

derivative is everywhere positive due to the squared term of logarithms with negative 

value. Consequently, the cumulative capture ftinction (total number of species or fire 

dates accumulated), I-k", is downwardly inflected. This explains the generally 

asymptotic or saturating behavior of the collector's curve. 
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Figures. 

1. The probability of successively larger samples of trees recording (solid curves) or 

failing to record (dashed curves) an event for three different recording probabilities, 0.1 

(open circles),  0.2 (fi l led circles),  and 0.5 (fi l led squares) for sample sizes of «= 1 -  18 

trees. 

2. Map of study area. Monument Canyon RNA is in the southwestern Jemez Mountains, 

New Mexico, USA (circled). 

3. Study grid at Monument Canyon RNA, New Mexico. Grid points are 200 m on center; 

50 sampled 4-ha grid cells around each point were established with 200 - 400 m spacing. 

Polygons represent sampling (compositing) windows of used in the multiscale analysis 

(64 ha window shown). 

4 (a-c) Arithmetic fire fi-equency (/) plotted as a function of sample size (number of 

trees) for window sizes of 4,16, and 100 ha, with least-squares reciprocal regression and 

95% confidence interval of the fitted function, (d-f) Sample-size corrected estimates of 

arithmetic fire frequency. 

5. Same as Figure 4 but for Weibull fire fi-equency_/WM-



I l l  

6. Correlation plot of arithmetic and Weibull fire fi-equency in the Monument Canyon fire 

history record, (a) Correlation plot for 47 individual grid cells (linear fit, r = 0.92). (b) 

Correlation plot for all window sizes (square root fit, r = 0.99). 

7. Same as Figure 4 but for mean fire interval / . 

8. Same as Figure 4 but for median fire interval /m-

9. Same as Figure 4 but for Weibull Median Probability fire interval (WMPI). 

10. Minimum sample sizes needed to estimate parameters of the fire regime reliably by 

area (extent) for areas of 4-64 ha, based on confidence intervals of regression and 

analysis of pairwise differences of means within sample extents. Fitted regressions are 

linear (r^adj = 0.97, solid red line) and log-log (r^adj = 0.99, dashed blue line) models. 

11. (a) Number of recording trees by year. The decline in sample depth after 1900 reflects 

the paucity of scarred trees due to alteration of the fire regime, whereas the decline prior 

to the 1700's is due to attrition over time in the population of scarred live and dead trees, 

(b) Proportion of grid cell locations in recording status, by year. Drop lines indicate the 

years in which 50% (1598) and 90% (1647) of sample locations at MCN were recording. 
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12. Event-accumulation functions for all fires (recorded in any location) (a) resampled 

without replacement and (b) with replacement. Fires recorded in at least two locations, 

(c) resampled without and (d) with replacement. 

13. Analytical functions fitted to bootstrapped estimates of fire fi-equency (number of 

fires century"') as a function of number of sample locations (grid cells) for fires occurring 

on two or more plots, resampled with replacement, (a) Weibull model, (b) Michaelis-

Menten model, (c) Logistic model, (d). Modified exponential model. In each plot, red line 

is the predicted functional value. All models fit ted the accumulation function closely {r  > 

0.98) and asymptotic estimates of fire firequency were similar among models (Tables 8, 

9). 

14. Scatterplot of values as a fiinction of the number of parameters in fitted models. All 

models fit the mean of resampling iterations closely (0.96 <r^ < 0.99). More complex 

models provided a slightly better fit for resampling conducted both with (squares) and 

without (circles) replacement. 

Tables. 

1. Potential types of inference error in fire history research. Four outcomes are possible 

when an inference is made fi-om historical evidence of an ecological event. The inference 

drawn fi"om contemporary evidence can either correctly (1-a, \-P) or erroneously (a, P) 

represent past events. In fire history research. Type II error (failure to detect an event that 
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occurred) is not automatically distinguished from the correct inference that no fire 

occurred (1-a). Adequate sample size can reduce Type II error and thus improve the 

discrimination of these two outcomes. 

2. Statistical measures of the fire regime used as response variables in this study. 

3. Analytical fiinctions with probability density function (pdf) used to estimate 

asymptotic fire frequency as a ftinction of sample size (number of grid cells). All 

functions are asymptotic to the term shown in the limit of the independent variable. 

4. Field collections at MCN. For each grid cell, the number of sampled frees in each cell, 

inner and outer ring years and temporal extent of the composite fire record (CFR), and 

earliest and last fire dates recorded are shown. For all grid cells, mean and 1 s.d. among 

per grid cells of sample size, start and ending year of ring record, temporal extent, and 

earliest and latest fire per grid cell, and summary statistics for the collection treated as a 

single CFR. 

5. Number of CFR's by scale (window sizes in ha) from individual grid cells to whole 

study area; minimum and maximum sample depth among composites for each window 

size. 
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6. Raw and sample-size corrected estimates and regression results for (a) 

arithmetic fire frequency (/) and (b) Weibull fire fi-equency (/WM), for scales of 4-196 

ha. 

7. Raw and sample-size corrected estimates and regression results for (a) mean 

fire interval (7), (b) median fire interval (/m), and (c) Weibull Median Probability 

Interval (/WM) for scales of 4-196 ha. a: Median fire interval did not vary with sample 

sizes tested for scales larger than 144 ha. 

8. Values for fitted functions of accumulation functions for number of grid cells 

for full study area. Units of asymptotic estimate of fire fi-equency and accumulation rate 

— are fires century '. Functions are listed in order of descending mean values for all 
8s 

four comparisons; among resampling categories, differences in predictive power were 

slight among analytical functions, although estimates of asymptotic fire frequency varied 

among models more widely for all fires. 

9. Significance test for differences in slopes of event-accumulation functions. 

Results are p-values for 2-tailed ^-tests of all pairs of resampling combinations (with and 

without resampling x all fires and fires occurring in > 2 grid cells), using mean slopes for 

5 fitted models of 6f I ds (fires century"') at 5 = 50. 
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Figure 7, 
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Figure 8. 
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Figure 9. 
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Table 1. 

Actual events 

Inferred 
from 
evidence 

Fire did not occur Fire occurred 

Inferred 
from 
evidence 

Fire did not occur (Ho) True negative; correct 
inference of no event 
(l-«) 

False negative; failure to 
detect an real event 
(Type II error, p) 

Inferred 
from 
evidence 

Fire occurred (H„) False positive; incorrect 
inference of no event 
(Type I error, a) 

True positive; correct 
inference that an event 
occurred (statistical 
power, \-p) 



Table 2. 

Dimension Typical units or metrics 

Frequency (/) Number of fires time ', represented by either 

arithmetic (/) or Weibull (/WM) frequency. 

Interval (7) Time between events, e.g. yr fire"' (= l/J). 
Central tendency in fire intervals represented by 

mean ( I ) ,  median (/M) and modeled by 
probability distribution of fire occurrence, e.g. 
Weibull Median Probability Interval (/WM)-



Table 3. 

Function Family pdf Asymptotic 
term 

Logistic Sigmoidal a a Logistic Sigmoidal 

l + fee"" 

a 

Michaelis-Menten Growth/saturation ax 

b + x 

a 

Modified exponential Exponential ¥ a 

Modified Michaelis-Mentin Growth/saturation ab + cx'^ 

b + x' 

c 

Weibull Sigmoidal a-be"^' a 



Table 4. 
298 

Grid cell Number 
of trees 
sampled 

Inner and 
outer ring 

vears 

Temporal 
extent of 

record fvr) 

Earliest 
fire year 

Last fire 
year 

101 1665 1933 
102 1684 1933 
103 1648 1880 

105 1648 1887 
106 1680 1942 
107 1691 1880 
109 1801 1929 
1 1 1  1450 1880 

112 1648 1961 
113 1639 1905 
115 1648 1912 
116 1664 1876 
117 1729 1887 
119 1664 1893 
121 1600 1929 
122 1654 1893 
123 1648 1936 
125 1716 1880 

127 1658 1893 
129 1664 1955 
130 1704 1929 
131 1505 1937 
132 1639 1887 
133 1836 1899 
135 1648 1911 
137 1542 1951 
138 1509 1893 
140 1745 1801 

141 1654 1893 
142 1610 1942 
143 1576 I9 I5  
144 1618 1929 
145 1729 1896 
146 1659 1899 
147 1705 1896 
148 1467 1937 
149 1724 1876 
151 1684 1893 
153 1597 1904 
154 1729 1921 
156 1622 1893 
157 1714 1893 
158 1724 1955 
160 1665 1893 
162 1684 1938 
164 1654 1981 
166 1598 1893 
170 1684 1929 
180 160! 1909 
188 1696 1892 

4.0 ± 1.9 
Mean ± 1 s.d. 

1574 ±87 to 
2000 ± 1 

427 ± 88 1654 ± 
74 

1909 ±30 

Study area 198 1354-2001 648 1450 1981 



Table 5. 

Number of Min-max 
Sample combinations number of 

extent (ha) used trees 
4 47 2 -9  
8 51 4 -15  

16 14 9 -23  
20 13 12-26  
36 42 9 -40  
64 30 31-62  

100 20 57-87  
144 12 87-116  
196 6 132-143  
256 2 170-174  
288 1 198 
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Table 6. 

a. Arithmetic frequency. 

Window 
size (ha) 

Mean of f Sample size Reciprocal regression Window 
size (ha) 

estimates (fires 
century') 

corrected f adj F-ratio piF)  

4 8.9 9.5 0.00 1.21 Q21 
8 11.1 12.3 0.12 7.83 0.01 

16 12.4 14.2 0.42 10.49 0.01 

20 13.2 15.5 0.15 3.18 0.10 

36 16.1 17.0 0.02 1.78 0.19 

64 19.1 20.1 0.08 3.47 0.07 

100 22.2 23.8 0.70 45.18 <0.01 

144 25.2 27.5 0.68 

4.52 

<0.01 

196 28.0 28.7 0.15 1.88 0.24 

b. Weibull frequency. 

Window 
size (ha) 

Mean of /wm 
estimates (fires 

century') 

Sample size 
corrected 

/wM 

Reciprocal regression 

'^adj F-ratio P{F)  

4 9.4 10.6 0.06 3.70 0.06 

8 12.2 14.1 0.31 23.02 <0.01 

16 14.2 15.8 0.43 10.79 0.01 

20 15.0 17.6 0.23 4.51 0.06 

36 17.7 18.4 0.01 1.34 0.25 

64 20.3 23.2 0.08 3.38 0.08 

100 22.5 23.7 0.70 45.25 <0.01 

144 24.5 26.0 0.53 0.01 

3.54 

196 26.3 26.4 0.15 1.87 0.24 



301 

Table 7. 

a. Mean fire interval. 

Window 
size (ha) 

Mean of / 
estimates (yr 

fire') 

Sample size 

corrected I 

Reciprocal regression Window 
size (ha) 

Mean of / 
estimates (yr 

fire') 

Sample size 

corrected I '^adj F-

ratio 
piF) 

4 12.4 10.1 0.09 0.25 0.96 

8 9.4 8.2 0.15 0.61 0.79 

16 8.4 6.1 0.59 19.71 < 0.001 

20 7.9 6.2 0.30 4.61 0.08 

36 6.4 5.1 0.06 3.63 0.06 

64 6.5 5.0 0.13 5.16 0.03 
100 6.6 4.5 0.69 42.81 <0.01 

144 5.9 3.8 0.71 

7.45 

<0.01 

196 3.6 3.5 0.14 1.81 0.25 

b. Median fire interval. 

Window 
size (ha) 

Mean of Im 

estimates (yr 
fire') 

Sample size 
corrected /m 

Reciprocal regression Window 
size (ha) 

Mean of Im 

estimates (yr 
fire') 

Sample size 
corrected /m 

^ adj F-ratio piF) 

4 9.6 8.2 0.07 4.38 0.04 

8 7.3 7.5 0.27 19.40 <0.01 

16 6.1 5.7 0.28 5.93 0.03 

20 6.0 5.2 0.19 3.83 0.08 

36 5.0 4.8 0.05 2.02 0.16 

64 4.0 3.8 0.16 6.68 <0.02 

100 3.4 3.2 0.34 10.87 <0.01 

>144 3.0 3.0 a a a 
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Table 7 ~ continued 

c. Weibull median probability interval. 

Window 
size (ha) 

Mean of /WM 
estimates (yr 

fire"') 

Sample size 
corrected /WM 

Reciprocal regression Window 
size (ha) 

Mean of /WM 
estimates (yr 

fire"') 

Sample size 
corrected /WM 

^ adj F-ratio p{F) 

4 11.7 9.0 0.17 10.25 <0.01 

8 8.5 6.8 0.43 0.79 0.63 

16 7.2 6.2 0.57 0.45 0.85 

20 7.0 6.1 0.28 5.69 0.04 

36 5.7 5.4 0.06 3.65 0.06 

64 5.0 4.8 0.12 5.13 >0.03 

100 4.4 4.2 0.69 43.84 <0.01 

144 4.1 3.8 0.70 

7.12 

<0.01 

196 3.8 3.7 0.17 2.00 0.22 



Table 8. 

Functional 
form 

Without replacement With replacement Functional 
form All fires ^ 2-cell fires All fires ^ 2-cell fires 

Functional 
form 

Asymptote t^adj d f l d s  Asymptote adj d f l d s  Asymptote d f I S s  Asymptote  ̂adj S f / S s  

Weibull 123.0 >0.99 0.449 20.7 >0.99 0.016 49.0 >0.99 0.199 20.4 >0.99 0.027 

Modified 
Michaelis-
Mentin 

682.0 >0.99 0.485 22.1 >0.99 0.030 66.3 >0.99 0.208 21.9 >0.99 0.038 

Michaelis-
Mentin 

59.2 >0.99 0.228 22.8 >0.99 0.035 40.8 >0.99 0.113 21.3 >0.99 0.031 

Logistic 41.8 >0.99 0.012 19.8 >0.99 <0.001 32.1 >0.99 0.003 18.8 >0.99 <0.001 

Modified 
exponential 

45.3 >0.96 0.106 21.4 >0.98 0.023 34.9 >0.96 0.060 21.1 >0.98 0.020 

Mean and 
s.d. of 
estimates 

190.3 ± 
276.8 

0.256 ± 
0.208 

21.4 + 1.2 0.021 ± 
0.014 

44.6 + 

13.7 

0.117 + 

0.088 
20.7 + 1.2 0.023 ± 

0.014 

C.V. (%) 145.5% 5.5% 30.8% 5.7% 

U> 
o U) 



Table 9. 

Resampling 
combination 

Without / 
all 

Without / 
>2 With / all With / 2 

Without 

replacement / all fires 
- 0.036 0.206 0.037 

Without replacement / 
> 2 cell fires 

- 0.043 0.827 

With replacement / all 
fires 

- 0.046 


