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ABSTRACT 

In developing a water quality monitoring program, the sampling frequency 

chosen should be able to reliably detect changes in water quality trends.  Three 

datasets are evaluated for Minimal Detectable Change in surface water quality to 

examine the loss of trend detectability as sampling frequency decreases for sites 

within the National Park Service’s Sonoran Desert Network by re-sampling the 

records as quarterly and annual datasets and by superimposing step and linear 

trends over the natural data to estimate the time it takes the Seasonal Kendall Test 

to detect trends of a specific threshold.  Wilcoxon Rank Sum analyses found that 

monthly and quarterly sampling consistently draw from the same distribution of 

trend detection times; however, annual sampling can take significantly longer.  

Therefore, even with a loss in power from reduced sampling, quarterly sampling of 

Park waters adequately detects trends (70%) compared to monthly whereas annual 

sampling is insufficient in trend detection (30%). 
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INTRODUCTION 

The quality of water in streams and rivers is driven by a variety of factors 

including streamflow, waste, depositional changes and climate change.  Detection of 

long-term changes in water quality trends and developing an understanding of the 

evolution of water quality at a site is essential for managerial decision-making for 

environmental management is heavily developed based upon current conditions as 

well as how those current conditions were achieved.  Detection of trends involving 

water quality data is difficult because of characteristics that make the use of 

standard methods less powerful; issues with normality, seasonality and outlying, 

missing or censored data.  Thus nonparametric detection methods have been 

developed, one such method is the Seasonal Kendall Test (Hirsch et al., 1982; Hirsch 

and Slack, 1984).  This test, developed by the USGS, is the most frequently used 

method in water quality trend analysis for its ability to accommodate these issues. 

In its mission statement, the National Park Service’s declared goal is to 

maintain and preserve natural landscapes, “unimpaired for the enjoyment of future 

generations”.  The Inventory and Monitoring Program, developed in 1992, groups 

over 270 Parks into 32 Ecoregional Networks in an effort to uphold this mission.  

The initial step of the I&M Program is to conduct a set of 12 baseline inventories for 

each Park that represent the current condition of biological (plants and animals) 

and abiotic (air, water, soil, etc.) resources.  The Sonoran Desert I&M Network 

(SODN) oversees 11 Parks in Southern Arizona and Southwestern New Mexico, all 
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with an arid to semi-arid climate.  The Water Quality baseline inventory within 

these Parks was completed in the 2003 water year (up to 3 samples per site).  With 

the baseline inventory completed, the Network is working to improve 

environmental management of each Park and to continue monitoring for changes in 

water quality.  Part of developing a protocol to monitor any changes in stream water 

quality is determining how often to sample the site in order to track changes in 

trend.  An important question that is complicated by the trade-off between the 

desire of maximum information and the time and cost it takes to collect and analyze 

samples.  An ideally proposed monthly sampling design can quickly be reduced to 

either quarterly or annual sampling for a multitude of reasons (affordability, ability 

to reach site, etc.).  The disadvantage of less frequent sampling is that by having 

fewer samples the ability to obtain useful information through detection of trends 

and changes in water quality within the system decreases.   

The driver behind selection of a sampling frequency is Minimal Detectable 

Change (MDC).  This concept incorporates two questions in examining water quality 

data: how much does the concentration need to change before it is detected and 

how long does it take to detect this change.  The MDC for three sites spanning the 

Sonoran Desert region will be evaluated using monthly data that is re-sampled at 

quarterly and annual frequencies to determine the opportunity cost of sampling less 

frequently.  To detect changes, the data collected from each site will be analyzed 

using the Seasonal Kendall Test.   
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This project examines how sampling frequency affects the amount of time 

required by the Seasonal Kendall Test to detect a statistically significant change in 

water quality by, (i) determining the effect that altering both the frequency and 

duration of sampling has on trend detection in the pre-existing datasets, (ii) 

determining the difference in trend detectability across different sampling 

frequencies by superimposing  a known change over natural data, and finally, (iii) 

use this information to help the SODN prepare the sampling design for streams 

spanning the Sonoran Desert region.  Because this protocol is regional, both the 

sampling design and trend analysis need to be appropriate for all potential sites.   
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SITE DESCRIPTIONS 

Data from within the Parks has not been collected in a uniform, long-term 

manner.  Therefore, three sites chosen for both record length and their proximity to 

a Park were used to determine MDC: Wet Bottom Creek, AZ, Mogollon Creek, NM 

and the Salt River near Roosevelt, AZ (Figure 1).  All three sites are frequently 

sampled datasets that span the Sonoran Desert region.  The regional climate is 

marked by bimodal precipitation over hot (+40°C) summer conditions and 

temperate winters with snowfall at higher elevations.  The winter season brings low 

intensity rains of long duration giving way to spring followed by hot and dry 

conditions and then summer monsoonal thunderstorms with high intensity rains 

over short periods.  A characteristic that is seen in hydrographs for Mogollon Creek 

(Figure 2) and the Salt River (Figure 3), whereas Wet Bottom Creek (Figure 4) is less 

influenced by the summer monsoon season.  Both Mogollon Creek and Wet Bottom 

Creek are part of the Hydrologic Benchmark Network, a program conducted by the 

USGS, consisting of sites across the United States chosen for their pristine conditions 

(http://ny.cf.er.usgs.gov/hbn/).  These sites provide a benchmark of natural 

changes compared to sites undergoing anthropogenic influence.  Mogollon Creek 

drains a section of the Gila Wilderness, approximately 179km2, just west of the Gila 

Cliff Dwellings National Monument in Southwestern New Mexico and is a tributary 

to the Gila River with a mean annual flow of 0.872m3/s.  The Mogollon Mountains 

are composed of Tertiary volcanics, mainly rhyolite and ash-flow tuffs (New Mexico 

http://ny.cf.er.usgs.gov/hbn/
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Water Resources Research Institute, 2000).  Occasionally in summer months the 

creek goes dry and in winter months, snowfall is possible.  This station has a latitude 

of 33°10’00” and a longitude of 108°38’59” with water quality samples collected on 

a near monthly basis from 1967-1996 at an altitude of 1658m.  

 

Figure 1 Locations of the 11 Parks overseen by the Sonoran Desert Network are outlined.  Stars indicate 

sampling location of datasets used in analysis. 
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Figure 2 Median of daily mean flow (1968-2009) for Mogollon Creek. 

 

 

Figure 3 Median of daily mean flow (1914-2008) for the Salt River. 
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Figure 4 Median of daily mean flow (1968-2008) for Wet Bottom Creek. 

Wet Bottom Creek is located in Central Arizona approximately 50Km south of 

the Montezuma Castle National Monument.  It drains a 94km2 portion of the 

Mazatzal Wilderness Area within the Tonto National Forest and has a mean annual 

flow of 0.413m3/s.  This station is located at latitude 34°09'39'' and longitude 

111°41'32'' with water quality samples collected on a near monthly basis from 

1967-1982 and a quarterly basis from 1983-1996 at an altitude of 707m.  The site 

sometimes receives snow in winter months and often goes dry in summer months.  

The predominant geology in the basin is alkali granite, with basalt and volcaniclastic 

rocks cropping out in the northeastern portion of the basin along with some minor 

occurrences of dolomite and limestone (USGS Circular 1173-D).  

The Salt River begins at the confluence of the White and Black rivers in 

Eastern Arizona and flows westward across central Arizona into the Tonto National 
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Forest draining about 11,152km2 by the sampling location.  Samples were collected 

upstream from the Roosevelt dam at the USGS stream gauge near Roosevelt, AZ at 

an altitude of 663m.   The Upper Salt River provides the boundary between the Fort 

Apache and San Carlos Indian Reservations.  The Salt River flows within the Salt 

River Canyon Sub-basin composed mostly of sedimentary and igneous rocks 

(Arizona Water Atlas, Vol.5).  Contrasting to the other sites, the Salt River has 

undergone anthropogenic change.  It is heavily drawn for irrigation purposes and 

offers many recreational features both along and within the River.  Drainage from 

mines operating around Globe, AZ enters the Salt River via Pinal Creek above the 

sampling location.  The mean annual flow for the Salt River (25m3/s) is more than 

an order of magnitude greater than the other two sites.  All three sites were sampled 

by the USGS (data retrieved from the National Water Information System (NWIS) 

Mogollon Creek (Station #09430600), Wet Bottom Creek (Station #09430600), Salt 

River  near Roosevelt, AZ (Station #09498500)) are within a 65km radius of a Park 

included in the Sonoran Desert Network. 
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STATISTICAL APPROACH 

Parametric (regression based) statistical procedures rely on data having a 

normal distribution with samples collected uniformly.  A nonparametric procedure 

uses a rank based method, comparing relative magnitude differences in the 

observed data.  It is generally accepted that nonparametric statistics can have higher 

power when datasets exhibit a substantial departure from normality and sample 

size is large.  It is further understood that nonparametric techniques have moderate 

advantages in cases with only a slight departure from normality and small sample 

sizes (Hirsch et al., 1991).  

Water quality data tend to have qualities that can be problematic for 

parametric techniques to incorporate.  The data commonly have nonnormal 

distributions, outliers, and missing or censored data.  Nonparametric tests are rank 

based and are therefore less affected by missing or censored data (values reported 

below detection limits).  However, when there are multiple detection limits 

(instrument improvement) time series trend analysis becomes more difficult.  In 

order to compare the data, the highest detection limit must be used throughout the 

dataset.  All values at this limit and all those reported below this limit thereafter are 

converted to a single value between zero and the detection limit.  Taking the 

logarithm of data to better show a relationship is common practice in parametric 

statistics.  Data transformation can complicate matters when comparing multiple 

sites or parameters, for the transformation applicable to one site or parameter may 
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not work for another (Helsel and Hirsch, 2002).  Nonparametric statistics are better 

suited to compare transformed data.  Therefore, this study uses a nonparametric 

method because of its statistical ability to incorporate undefined sample 

distributions, and outlying, missing or censored data. 

The Mann-Kendall Test (Kendall, 1975) is a popular nonparametric test to 

determine the significance of monotonic trends over time.  The Mann-Kendall Test 

tests for randomness against trend.  First, the Mann-Kendall test statistic, S, is 

calculated.  The value for S is determined by the directional change in a year from all 

previous years, if the change is positive S = 1, if negative S = -1, and if a tie is present 

or a datum is missing, S = 0.  The values of S are summed.  A positive value of S is 

indicative of an upward trend whereas a negative value indicates a downward 

trend.  The correlation between a chosen parameter and time is measured by 

Kendall’s tau,  

)1(
2)1(nn

S
 

where S is the Mann-Kendall test statistic and n is the number of samples.  To test 

the significance of τ, the test statistic S is compared to the expected value of the null 

hypothesis.  The null hypothesis, H0, is that there is no trend in the data (τ = 0), the 

values are independent of time.  The two-tailed alternative hypothesis, HA, is that 

there is either an increasing or decreasing trend.  When there are fewer than 10 

samples, a table of the probability for given values of S and n is used to determine 
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significance (Kendall, 1975).  When there are more than 10 samples the large 

sample approximation may be used, wherein the variance must be calculated, 

)2(
18
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where n denotes the number of samples, and t is the extent of a tie summed over all 

ties.     

Changes in concentration driven by seasonal cycles add to the variation 

about the actual trend and thereby affect the test’s ability to detect long term trends. 

To analyze water quality data this seasonal variation needs to be removed in order 

to detect true changes in trend over time.  The Seasonal Kendall Test developed by 

Hirsch et al. (1982) is an adaptation of the Mann-Kendall Test that takes into 

account the presence of seasonality in water quality data.   

In the Seasonal Kendall Test (SKT) the Mann-Kendall test statistic S is 

calculated for each season and then summed over all seasons to give the overall test 

statistic S’,  

)3('
1

K

i

iSS  

where i is the number of seasons per year and K is the number of years.  The 

number and duration of seasons is determined by the user (12 for monthly 
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sampling, 4 for quarterly sampling).  The same process is used to calculate the 

overall variance, 

)4()()'(
1

K

i

iSVarSVar  

where i is the number of seasons per year and K is the number of years.  For 

datasets that have n > 10 samples, S’ and Var(S’) are used to determine Zs, 
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The H0 is rejected when the absolute value of Zs is greater than Z1-α/2.  A significance 

level of 0.05 was chosen as the best compromise between error types I and II.  

Selecting α=0.01 does increase confidence in the presence of a trend (decreases type 

I error, falsely detecting a trend), but also increases the risk of type II error (falsely 

claiming no trend).  In the interest of preserving natural resources, falsely detecting 

a trend is an easier concession over the possibility of missing a change in water 

quality that could negatively impact the system.  The SKT finds a trend to be 

significant when the probability of obtaining that value of S’ or greater is less than 

0.05 (p value < 0.05) if H0 were true, therein finding little evidence to support H0.   
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The Sen’s Slope Estimate is used to determine the slope of the trend line using the 

median slope value between all points. 

There are a few issues that can arise while using the SKT.  The large sample 

approximation is inappropriate when S’ = 0, finding a statistically impossible 100% 

certainty that the null hypothesis (no trend) is true.  To account for this, S’ is forced 

to 1 and the p value is adjusted accordingly.  This forcing still maintains a p value 

that strongly indicates no trend over time.  Similarly, zero slope estimates are 

occasionally found to be significant, largely driven by the presence of many tied 

values (often from highly censored data).  In this situation, the tied values should be 

removed and the slope estimate recalculated on the remaining values (McBride, 

2000).  Also, serial correlation can affect the efficiency of the Seasonal Kendall Test 

by producing conservative results in significance testing, rejecting H0 when there is 

no actual trend.  Hirsch and Slack (1984) added an estimate of covariance to 

increase robustness of the SKT against serial correlation.  The drawback is a loss of 

power in the overall test but they showed that the test remains stronger than 

parametric methods.  This modified version of the SKT was found to be the more 

precise method in trend detection than the unmodified SKT with respect to type I 

error and its nominal significance level (Thas et al., 1998). 

A test for seasonal homogeneity among the seasons was developed by van 

Belle and Hughes (1984) using the chi-squared test statistic.  When individual 

seasons have heterogeneous trends (different directions and magnitude) the results 
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of the SKT can be misleading.  For example, increasing trends in winter that are 

followed by decreasing trends in summer; the opposing values of S can cancel one 

another out when S’ is calculated.  To determine heterogeneity between individual 

seasons χ2total is broken into two parts, χ2homog and χ2trend, 

)6(
2

1
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where K is the number of seasons, Si is the Mann-Kendall test statistic for each 

season i, and 
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Chi-square distribution tables are used to find αcritical.  When χ2homog < αcritical, seasons 

are homogeneous; there is a common trend to all seasons.  However, when χ2homog > 

αcritical, seasons are heterogeneous; there are different trends for different seasons.  

When the chi-square test determines heterogeneous seasonal trends, two possible 

discrepancies can arise with the SKT.  First is when the SKT finds a significant trend.   

Even though seasons exhibit different trends there is still an overall trend in the 

data.  Second is the SKT finding no trend; there is no overall trend but individual 
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seasons may still have significant trends.  In this case the Mann-Kendall test can be 

used to determine what trends may exist in the individual seasons.  The validity of 

the chi-squared tests depends on the Zi values having both independent properties 

and a standard normal distribution, thereby needing more than 10 values for each 

season (Gilbert, 229).  When there is less than 10 years of data per season the αcritical 

values obtained from the chi-square distribution tables tend to be too small.  These 

underestimated αcritical values increase the risk of type II error; the test will falsely 

reject the H0 and claim heterogeneous seasons.   

The Matlab codes (generated by Jeff Burkey) entitled, Mann-Kendall Tau-b 

with Sen's Method (Enhanced), and the Seasonal Kendall Test with Slope for Serial 

Dependent Data (http://www.mathworks.co.kr/matlabcentral/fileexchange/) have 

corrections for the previously stated circumstances.  These two codes were used to 

analyze data from the sites to determine the difference in Minimal Detectable 

Change as sampling frequency decreases (Appendix A).  

http://www.mathworks.co.kr/matlabcentral/fileexchange/
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METHODOLOGY 

Mogollon Creek, Wet Bottom Creek and the Salt River were analyzed to 

determine a suitable sampling frequency to monitor changes in water quality.  First, 

the sample frequency during the year was assessed by reducing the original sample 

frequency of the dataset (e.g. monthly to quarterly) to examine the impact of 

decreased sampling.  Second, the length of the dataset was progressively shortened 

to determine the number of years needed to detect a significant trend.  Finally, an 

artificial trend was added to some constituents that previously had no significant 

trends detected to determine when various thresholds of change can be detected.  

These artificial trends consisted of either a step change or linear change that occur 

at different times and vary in both magnitude and duration.   

Dataset Preparation 

Before any analysis began, a baseline dataset, incorporating as many of the 

samples as possible was generated for each site.  These baseline datasets represent 

a comparison of the ideal detectability of a trend for the re-sampled quarterly and 

annual datasets.  For both Mogollon Creek and the Salt River the baseline datasets 

use monthly sampling.  When there were multiple samples per season, the median 

value for those samples was used to represent the season.  At Wet Bottom Creek the 

collection frequency changes from monthly sampling in the first half of the record 

down to quarterly sampling for the second half of the record.  Because of this change 

in the dataset, the baseline dataset was condensed to the lower sampling frequency.  
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For this case, the sample collected closest to the midpoint of the season was used to 

represent the season (Helsel and Hirsch, 2002) to prevent a bias towards the more 

frequently sampled portion of the record.     

Flow can be a driving force behind parameter concentrations.  First, flooding 

can dilute the concentration of parameters that have a constant source.  Second, 

increased runoff to the stream can increase the concentration of parameters that are 

brought in by sediment.  To counteract this relationship with flow, any parameters 

that exhibited a strong (p value < 0.1) correlation with flow had this relationship 

removed and the residual values (flow-adjusted concentrations) were used in the 

SKT.  The test for flow-parameter correlation is completed for each site’s baseline, 

quarterly and annual datasets.  It is then assumed that the correlation with flow is a 

persistent occurrence across further alterations to the dataset.   

Altering Sampling Frequency 

To test the impact of decreased sampling frequency the initial datasets were 

condensed, from monthly (baseline) to quarterly to annual sampling.  Four 

quarterly datasets were developed (Table 1); the first three quarterly subsets have 

quarters based on the calendar year with sampling starting in January (Quarter 1), 

February (Quarter 2), or March (Quarter 3) with samples taken subsequently every 

3 months.  The exception to this setup is Wet Bottom Creek where less data was 

available during summer months because it frequently runs dry.  Therefore the 

Quarter 1 and 3 datasets incorporate data from more than the previously specified 



25 

months (Table 1) to increase sample size of the seasons.  The fourth quarterly 

dataset was modeled after the current SODN sampling scheme wherein the quarters 

were chosen according to the local hydrologic seasonality of Southern Arizona 

instead of the calendar year.  The NPS quarterly dataset used the sample collected 

nearest to the midpoint of a season for it is unlikely that the Park Service would be 

able to collect multiple samples per season.  The annual datasets were derived by 

selecting a specific month in which sample collection occurs annually.   Four annual 

datasets were chosen for the length of the dataset using different sampling months 

that span the seasons.  A fifth annual dataset was also constructed by sampling once 

at random each year.  If a sample was not collected in the specified period then it 

was considered a missing value. 

Table 1 Sampling periods selected for quarterly datasets. 

Quarterly 
Dataset 

1st 2nd 3rd 4th 

1 Jan April July Oct 

2 Feb May Aug Nov 

3 March June Sept Dec 

NPS Jan-April May/June July-Sept Oct-Dec 

Alterations for Wet Bottom Creek 

1 Jan April June/July Oct 

3 March May-July Sept Dec 

 

Altering the Length of the Dataset 

The length of the dataset was adjusted to determine the amount of time 

required to detect a trend in a water quality time series.  The annual datasets were 
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reduced to 5, 10, 15 and 20 years of available data.  The quarterly and monthly 

datasets were reduced to 10, 15, 20 and 25 years of available data. Most of the 

datasets did not have enough samples per season to analyze 5 years of data 

collection for the monthly and quarterly sampling schemes.    

The parameters in the baseline, quarterly and two of the annual datasets 

were truncated according to the aforementioned stipulations.  Starting with the 

baseline dataset, the amount of time required for a trend to be found significant was 

determined for each parameter.  This time to detect significant trends was then 

compared to those detection times found for the parameters in the quarterly and 

annual datasets.  To do this, the years to detect the trend in a parameter were 

averaged over all quarterly datasets to get the quarterly time to detection.  The 

same process was used to find the average detection time for each parameter when 

using the annual datasets.  From there, the difference in detection times between the 

three sampling frequencies was found for each parameter.  As the length of the 

record changed, the significance of some parameters fluctuated.  In this case the first 

detection of the trend was used to derive the average detection time.    

After determining the time needed to detect a trend, the nonparametric 

Wilcoxon Rank Sum Test (WRST) was used to determine if the baseline (monthly), 

and re-sampled quarterly and annual sampling frequencies had times to detection 

that came from the same distribution.  For this test, the time to detect a trend using 

the baseline dataset and the quarterly dataset were ranked as one group.  Then the 
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two sample sets were separated again to sum the rankings of each set.  The sums 

will be near equal if the samples do in fact draw from the same population 

distribution.  However, the farther apart the sums are indicates more evidence of 

different populations.  The two-tailed test (α=0.05) is used to find out if one 

sampling frequency has a distribution of shorter or longer detection times over the 

other. 

Imposing Artificial Trends 

Artificial trends were added to three parameters at each site to test the 

sensitivity of trend detection in the SKT.  The three parameters chosen for each site 

were required to have had no significant trends detected in the previous analyses to 

maintain the site’s natural variability and to ensure that the trend being detected is 

the imposed trend.  These modifications were applied to one of each sampling 

frequency (Table 2).  The quarterly datasets chosen for Mogollon Creek and the Salt 

River were based on the highest percent of baseline trends detected in the previous 

analyses.  The annual datasets were chosen for their length, to provide more time 

for the sampling scheme to detect the artificial trend.  For Wet Bottom Creek, only 

the baseline and one annual dataset are used because the baseline dataset is already 

a quarterly sampled dataset.  After the SKT analyzed for trend detection, the WRS 

test was used to compare the distribution of detection times between the monthly, 

quarterly and annual datasets for each step and linear percentage change. 
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Table 2 Datasets and parameters chosen for trend analysis alterations for each site. 

Site Datasets Altered Parameters 

Mogollon Creek 

Monthly 

Mg, Cl, Si Quarter 2 

April 

Wet Bottom 
Creek 

Quarter (mid-seas) 
Mg, Na, pH 

May 

Salt River 

Monthly 

DO, Fe, K Quarter 1 

December 

 

The duration of the step change, the onset of change, and the percentage of 

change were altered to determine how many years of data were needed for the SKT 

to detect a significant change.  The step change was introduced before adjusting 

concentrations for flow.  The length of the step change occurred for a duration of 2, 

5, 10 and 15 years (all starting 10 years after the start of the record).  Each step 

interval includes an increase or decrease in concentration of 5, 10, 20, 30, 40, and 

50%.  The 10 year step interval was also introduced for the first and last 10 years to 

compare the onset of change.  When changing pH values, percentage alterations 

were made to [H+] then logged to get the new pH value, therefore steps changes of 

75 and 90% were added to infer a greater change in pH.   

The duration of the linear change and the percentage of change were altered 

to determine how many years of data were needed for the SKT to detect a significant 

change.  The linear change was introduced before adjusting concentrations for flow.   

The length of the linear change occurred for a period of 5, 10, 15 and 20 years.  The 
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linear change is based on a 1, 2, 5, 10 or 20% annual increase in concentration.  

Similar to the step change, pH has an additional increase of 30% per year. 
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RESULTS 

Parameters chosen for analysis were those that had been sampled often 

throughout the period of record; the number of parameters analyzed varies 

between sites.  The trends detected in the re-sampled datasets were compared to 

the trends detected in the baseline dataset for each site to gauge the ability of the 

SKT to detect trends when sampling frequency is reduced (Appendix B).  Significant 

trends were detected in 9 of 17 parameters in the baseline dataset for Mogollon 

Creek (Table B1).  Significant increasing trends were found for pH and Fe whereas, 

decreasing trends were found in SC, CO2, Ca, Ca/Na, SO4, SO4/Cl and F.  In Wet 

Bottom Creek, significant trends were detected in 8 of the 26 tested parameters in 

the baseline (Table B2).  Dissolved Oxygen was found to have an increasing trend 

and Ca, Ca/Na, Cl, SO4, SO4/Cl, B and Ammonia were found to have decreasing 

trends.  Significant trends were detected in 11 of the 29 tested parameters in the 

Salt River (Table B3).  Only Total Nitrogen and Arsenic had significant increasing 

trends, whereas Ca, Ca/Na, Mg, SO4, SO4/Cl, Cr, Cu, Pb and Zn had decreasing trends. 

Altering Sampling Frequency 

Changing the sampling frequency at Mogollon Creek finds that monthly 

sampling detects the most trends and annual sampling detects the fewest.  Quarterly 

sampling does well, detecting on average 83.3% of the trends detected in the 

baseline dataset (Table 3).  The Quarter 2 sampling scheme detects all of the trends 
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in the baseline dataset, followed by the NPS quarterly dataset detecting 89.9% of the 

baseline trends. The annual sampling schemes had the most difficulty, detecting on 

average, only 51.1% of the trends in the baseline dataset.   

Table 3 Percent of Baseline trends detected.  Highlighted portion indicates the sampling scheme with 

highest percent detection.  The number next to site name indicates the number of significant trends 

detected in the baseline dataset. 

Mogollon Creek (9) Wet Bottom Creek (8) 

Baseline Monthly % avg Baseline Qtr_mid % avg 

Quarterly 
Sampling 

Qtr1 77.8% 

83.3% 
Quarterly 
Sampling 

Qtr1 37.5% 

56.3% 
Qtr2 100.0% Qtr2 37.5% 

Qtr3 66.7% Qtr3 62.5% 

NPSm 88.9% NPSm 87.5% 

Annual 
Sampling 

February 33.3% 

51.1% 
Annual 

Sampling 

February 12.5% 

17.5% 

April 44.4% May 37.5% 

August 77.8% August 0.0% 

November 66.7% December 25.0% 

Random 33.3% Random 12.5% 

  Salt River (11)   

  Baseline Monthly % avg   

  

Quarterly 
Sampling 

Qtr1 90.9% 

65.9% 

  

  Qtr2 27.3%   

  Qtr3 72.7%   

  NPSm 72.7%   

  

Annual 
Sampling 

Mar 36.4% 

25.5% 

  

  June 27.3%   

  Sept 27.3%   

  Dec 36.4%   

  Random 0.0%   

 

Changes in sampling frequency at Wet Bottom Creek yielded similar results.  

The four quarterly datasets were still generated even though Wet Bottom Creek has 
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a quarterly baseline dataset.  The quarterly datasets did not detect as many trends, 

just 56.3% of the trends in the baseline dataset.  The NPS quarterly sampling 

scheme detected the most trends (87.5%) followed by Quarter 3 (62.5%).  The 

annual datasets detect the fewest significant trends (17.5%), detecting as few as 

zero trends and at most three of the trends found in the baseline dataset.   

Sampling frequency changes for the Salt River data found that quarterly 

sampling falls second to monthly sampling.  Quarterly sampling schemes for the Salt 

River detect on average 65.9% of the trends in the baseline dataset.  The Quarter 1 

sampling scheme captured 90.9% of the trends in the baseline dataset followed by 

the NPS quarterly sampling scheme at 72.7%.  Annual sampling schemes on average 

detect only 25.5% of the trends in the baseline dataset with March and December 

datasets detecting the most at 36.4% and the random dataset unable to detect any 

trends.   

Overall, the quarterly datasets detect at least half of the trends in the baseline 

datasets.  Annual sampling is quite variable, detecting anywhere from 0 to77.8% of 

the baseline trends.  For Mogollon Creek, the month of August detects 77.8% of the 

trends, but at Wet Bottom Creek, August sampling detects no trends.  Similar 

inconsistencies can be found among the quarterly datasets but, the quarterly 

datasets detect 30-40% more trends than the annual datasets.  The NPS quarterly 

dataset is one of the top two sampling schemes for each site, detecting a minimum of 

72.7% of the baseline trends. 
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Altering the Length of the Dataset 

The baseline record was the first sampling scheme to detect significant 

trends for each site followed by quarterly sampling and finally annual sampling 

(Table 4).  For Mogollon Creek, quarterly sampling took on average 1.7 years longer 

to detect trends than the baseline dataset. The annual datasets required the most 

time for a trend to become significant, taking on average 6.4 more years than the 

baseline dataset to detect the trend.  Sulfate has a trend in each sampling scheme 

but usually requires the full length of the record to be deemed significant.  The 

significant changes detected in sulfate occur in the final years of the record.  The 

WRST found that the distribution of detection times for the baseline to quarterly, 

and the quarterly to annual comparisons were of the same distribution.  However, it 

was found that the annual dataset had a significantly different distribution of longer 

time to detection than the baseline dataset. 

Table 4 The average number of more years it takes the quarterly and annual sampling frequencies to 

detect the significant trends found in the baseline datasets for each site. 

  Mogo WBC Salt 

Baseline-quarter 1.7 2.7 3.5 

Baseline-annual 6.4 5.3 4.5 

 

 At Wet Bottom Creek, trends detected in the quarterly datasets required 2.7 

more years of data in order to detect the trends found in the baseline dataset and 

annual datasets required 5.3 more years of data to detect trends found in the 

baseline dataset.  The decreasing trend found in Ammonia concentrations was 
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usually found within 10 years of data collection regardless of sampling frequency.  

The WRST found that all sampling frequencies drew from the same distribution. 

For the Salt River, the baseline dataset on average detected trends 3.5 years 

before the quarterly datasets and 4.5 years before the annual datasets.  Most of the 

sampling approaches detected a trend in copper in as little as 5 years.  The WRST 

analyses did not find evidence that one sampling frequency took significantly longer 

than another.  For all sites, the parameters that were detected the earliest were also 

persistently detected across the different sampling frequencies.   

Imposing a Step Change 

Known step changes were imposed over the natural dataset in order to 

determine how large of a change is detectable, using different sampling frequencies.  

The progression of the trend toward significance was tracked by running the SKT 

yearly across the period of change to determine the number of years it takes to 

detect that change.  For example, the monthly data for the 10 year step change in 

chloride concentrations at Mogollon Creek had a general decrease in p values 

(towards significance) as the amount of change for each step increases (Figure 5).  

The SKT detected as small as a 30% change in 9 years, and 40-50% change within 8 

years.  When sampling was reduced to quarterly, the decrease seen in p values is 

similar to that of monthly sampling (Figure 6).  The SKT detected a 20% step change 

in 9 years, 30% change in 8 years and a change of 40-50% in 6 years.  When further 
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reduced to annual sampling, only the 50% step change was found to be significant, 

requiring 10 years to detect it (Figure 7). 

 

Figure 5 Progression of p values over a 10 year step change (1987-1996) for chloride concentrations in 

Mogollon Creek using monthly sampling.  Highlighted area indicates significance (p<0.05). 
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Figure 6 Progression of p values over a 10 year step change (1986-1995) for Chloride concentrations in 

Mogollon Creek using quarterly sampling.  Highlighted area indicates significance (p<0.05). 

 

Figure 7 Progression of p values over a 10 year step change (1985-1994) for Chloride concentrations in 

Mogollon Creek using annual sampling.  Highlighted area indicates significance (p<0.05). 

Once the detection time was found for all nine parameters (Appendix C) the 

years to detection were averaged to estimate the regional detection time for each 5, 
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10, 20, 30, 40, and 50% threshold change for each step change period.  There was at 

least one parameter from each sampling frequency for which the artificial trend in 

the system was not detected within the length of the record.  These non-detected 

trends occurred more often as sample frequency decreased.  Parameters that were 

not detected were given a value of 35 years to represent that more years of data are 

required to detect the change than are included in the record.  Comparing the 

averaged detection times for step changes of 20-50% from the 10 year step period 

shows that higher percentage changes tend to be detected more quickly than the 

lower percentage changes (Figure 8).  The same tendency is seen when increasing 

the length to a 15 year step change (Figure 9) and when changing the 

implementation date with the final 10 year step change (Figure 10).  In general, 

monthly sampling detects trends earlier than quarterly, although there are some 

cases where it switches, indicating similar ability to detect trends.  Annual sampling 

takes the longest time to detect change in most cases.   
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Figure 8 Average detection time of all parameters for a given percentage change for the 10 year Step 

Change for the monthly, quarterly and annual sampling schemes. 

 

Figure 9 Average detection time of all parameters for a given percentage change for the 15 year Step 

Change for the monthly, quarterly and annual sampling schemes. 
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Figure 10 Average detection time of all parameters for a given percentage change for the final 10 year 

Step Change for the monthly, quarterly and annual sampling schemes. 

The Wilcoxon Rank Sum Test was applied to each percentage change for step 

changes of 10 or more years.  Parameters for step changes of less than 10 years 

were mostly undetected and therefore assumed to be of the same detection time 

distribution.  For each percentage change, the comparison between the monthly and 

quarterly sampling schemes showed that detection times were of the same 

distribution.  Similarly, when comparing the monthly to annual sampling schemes 

and the quarterly to annual sampling schemes, detection times of all percentage 

changes were determined to be from the same distribution.  

Imposing a Linear Change 

As was done with the step change analysis, detection times for all parameters 

were averaged for each annual percentage change.  For the 10 year period, larger 

percentage changes are detected in the same amount of time if not more quickly 
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than smaller changes (Figure 11).  The averaged detection times for the 15 year 

linear change (Figure 12) and the 20 year linear change (Figure 13) show that 

allowing the change to occur for longer periods increases the chance it will be 

detected.  The sampling scheme that detects trends the quickest for a linear change 

is more variable between monthly and quarterly sampling than it was with the 

artificial step change.  For each percentage change annual sampling takes the 

longest time to detect trends.  

 

Figure 11 Average detection times of all parameters for select percentage changes in the 10 year linear 

change. 
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Figure 12 Average detection times of all parameters for select percentage changes in the 15 year linear 

change. 

 

Figure 13 Average detection times of all parameters for select percentage changes in the 20 year linear 

change. 

The WRST was applied to each percentage change for linear changes of 10 or 

more years.  As in the step change analysis, comparisons between the monthly and 

quarterly sampling schemes found detection times to be from the same distribution.  
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However, when comparing the monthly to annual sampling schemes, percentage 

changes of a 20% annual increase over the 15 year period and the 2-10% annual 

increases over the 20 year period were found to have significantly different 

detection time distributions with the annual sampling drawing from a distribution 

of longer detection times.  Furthermore, the quarterly to annual comparison also 

found that annual sampling schemes draw from a larger distribution (longer 

detection times) for annual increases of 5 and 10% over the 15 year period and the 

2- 10% annual increase for the 20 year period. 
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DISCUSSION 

Effect of Changing Frequency and Duration of Sampling 

Annual sampling schemes persistently detect fewer trends then either 

monthly or quarterly sampling.  Over the three sites, quarterly sampling detects 

about 70% of the baseline trends.  Most notable of these is the quarterly dataset 

modeled after southwestern seasons for it is one of the top two quarterly datasets 

for each site, detecting on average 80% of the baseline trends.  With further 

reduction to annual sampling, only 30% of the baseline trends are detected.  Some 

of the annual sampling schemes are unable to detect any of the baseline trends.  The 

random annual sampling scheme always has one of the lowest detection rates.  The 

ability of the SKT to detect trends in data is 40% stronger when samples were 

collected quarterly over annually.   

Changing the duration of the sampling period shows that the significance of a 

trend can fluctuate as more data is accumulated.  These fluctuations in significance 

are because the SKT evaluates the overall, monotonic trend in the data.  For 

example, when monitoring the significance of trend for potassium levels in Wet 

Bottom Creek (Figure 14), the positive trend that is detected in 5 years is lost by 10 

years of data as the slope of the trend nears zero, then with 20 years of data a 

significant decreasing trend is detected.  Another example involves the Salt River, 

where manganese levels were increasing for nearly the entire length of the record.  

Visual inspection of the data shows a large decrease in Mn concentration around 
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1997 (Figure 15).  The result from the SKT is a significant increasing trend from 

1986-2001.  After a change is implemented to combat rising levels of Mn around 

1997, it takes the SKT 5 years to no longer detect the significant increasing trend 

(Figure 16) as the increasing slope is slowly lessening toward a zero slope.  

Furthermore, by analyzing the final 10 years of Mn data, the SKT detects a 

significant decreasing trend.  
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Figure 14 Changes in p values of trends detected in Potassium concentrations, Wet Bottom Creek. 
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Figure 15  Concentration of Manganese in the Salt River 1976-2004. 

 

Figure 16 Changes in Significance for Manganese concentrations in the Salt River.  Yellow box indicates 

area of significant p values. 

Changing the length of the record finds that monthly and quarterly sampling 

schemes detect trends faster than annual sampling schemes.  For each site, it takes 

the quarterly sampling scheme more time to detect the trends found in the baseline 

datasets (Table 4) and can take annual sampling double that of quarterly.  Monthly 

and quarterly sampling  on average require nearly the same number of years to 
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detect trends at a site, with annual sampling being the last to detect them (Figure 

17).  The WRST analyses determined that the monthly and quarterly sampling 

schemes always had detection times of the same distribution.  But, for Mogollon 

Creek, the annual sampling scheme has detection times that are significantly longer 

than those of monthly sampling.   

 

Figure 17  Average number of years to detect a trend in water quality data at various sampling 

frequencies for each site. 

Detection of an Artificial Trend Using Different Sampling Frequencies 

Monthly and quarterly sampling schemes detect an artificial trend of the 

same magnitude in a similar amount of time.  The monthly and quarterly sampling 

schemes are interchangeably the first sampling scheme to detect a trend (Figure 

10).  For all sampling frequencies, larger changes are detected more quickly than 

small changes (Figure 6).  The WRST found that for each site, monthly and quarterly 
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sampling have the same distribution of time needed to detect the artificial step or 

linear trends.  However, when comparing monthly and annual sampling schemes, it 

was found that the annual sampling scheme comes from a distribution of longer 

detection times than the monthly sampling schemes.  Furthermore, the distribution 

of detection times between even the quarterly and annual sampling schemes is 

found to be significantly different.  These differences are most prominently seen for 

minor increases in concentration (2-10%per year) for the 20 year linear period.  But 

with large changes in concentration (>20% per year) annual sampling has a better 

chance in detecting trends in similar time to both monthly and quarterly sampling 

schemes.  The difference in detection time between the annual and the monthly or 

quarterly datasets is more pronounced for the smaller percentage changes (Figure 

12). 

Suggestions for the SODN Sampling Frequency 

When using the Season Kendall Test to detect trends, an ideal sampling 

frequency for the Sonoran Desert Network is a quarterly sampling scheme that is 

representative of the local seasons.  Quarterly sampling detects the same magnitude 

of change in comparable time to monthly sampling and WRST analyses never found 

a different distribution of detection times for the parameters analyzed.  Although 

monthly sampling can detect trends before quarterly sampling, the difference in 

detectability is not significant.  The two sampling schemes essentially have the same 

MDC.  Conversely, annual sampling takes significantly longer than both monthly and 
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quarterly sampling schemes to detect trends.  The MDC for an annual sampling 

scheme is less efficient than the others because it requires more time to detect the 

same change.  Although, if the parameter in question is far from water quality 

standard levels, annual sampling may prove to be sufficient in detecting a change 

before standards are exceeded.  It was found that some annual sampling plans can 

detect a high percentage of trends (Table 3) as at Mogollon Creek.  However, this 

level of detection is quite variable and dependent upon both the site and month 

chosen for sampling.   These dependencies require some prior knowledge of the site 

or a best estimate of the most representative season for sampling.  The ability of 

quarterly sampling schemes to detect trends were consistently better (40% more) 

than annual sampling (Table 3).  Furthermore, the NPS quarterly dataset has one of 

the highest percentages of baseline detections for each site.  By sampling according 

to local hydrologic setting you are able to capture and more aptly remove the 

seasonal effects on trend detection, whether monitoring a temperate, semi-arid or 

arid site. 

Challenges Encountered and Caveats for Interpretations 

Interpreting the results of the SKT was sometimes complicated by the initial 

conditions in a system and the amount of time a change was allowed to influence the 

system.  Because of this, adding trends to the Salt River was more complicated than 

the other sites.  Each parameter has a significant trend detected at some point in one 

of the unaltered monthly, quarterly or annual datasets that made detection of the 
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artificial trend more difficult to decipher from natural variability.   The ability of the 

SKT to detect the trend increases when the superimposed artificial trend is in the 

same direction as the natural trend.  Also, when the natural trend is in the opposite 

direction of the artificial trend it delays its detection.  

The amount of time a change is allowed to impose upon the system affects 

the ability of the SKT to detect it.  Large changes for short periods of time do not 

have enough of an effect on the overall monotonic trend to be found significant.  

However, the longer a change is in effect, the ability to detect it increases.  Although, 

some of the imposed step changes are not detected faster merely by increasing the 

percentage of change.  Because the SKT is a rank based method, there is a threshold 

at which the value of S remained the same because the number of positive and 

negative changes remained the same when increasing values to 40% or 50%.  The 

SKT is better designed to detect linear changes as they have greater influence on 

monotonic trend than step changes.  If a step change is expected (e.g., treatment 

plant or development are built) Hirsch et al., (1991) recommends using the 

Wilcoxon Rank Sum Test instead of the SKT to determine if a significant change has 

occurred by comparing pre and post conditions however, the decision to analyze for 

a step change needs to be made prior to examination of the data.   

Sampling Frequency Influences on Sampling Design 

Steps to designing a water quality monitoring system developed by Ward et 

al. (1986) recommend that the frequency of sampling be designed specifically to 
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obtain the desired information as well as to support the statistical method chosen 

for trend analysis.  Lettenmaier (1978) found the greatest loss in power of trend 

detection between sampling in bimonthly and monthly intervals.  Also, the 

difference in power between sampling biweekly or weekly is minimal; suggesting 

that the best sampling frequency to monitor water quality should be conducted on 

at least a monthly basis but does not require more than biweekly sampling.  Looking 

at monthly time series data for total phosphorus concentrations and dissolved 

solids, Hirsch et al. (1982) found evidence of significant seasonality present in the 

data and proposed the SKT to remove the influence of seasonality on trend 

detection.  In development of the SKT, it was found that by sampling monthly for a 

minimal period of three years, the SKT can adequately use the normal 

approximation to analyze for trend.  The National Water Quality Assessment 

(NAQWA) Program (Hirsch et al., 1988) recommends a minimal three year period of 

monthly sampling, further supplemented by high flow sampling to start building a 

dataset that can use the SKT for long term trend analyses.  Thas et al. (1998) found 

through Mont Carlo simulations involving the SKT that increasing sampling 

frequency beyond monthly showed no significant gain in power, further extending 

the results of Lettenmaier (1978). 

Previous studies (Lettenmaier, 1978; Thas et al., 1998) show a loss of power 

as sampling frequency decreases and therefore recommend sampling at least 

monthly to adequately detect trends.  These studies focus on the loss of statistical 
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power of the method’s ability to accurately detect trends.  None of these studies use 

the time required to detect a trend as a deciding factor in choosing a sampling 

frequency.  In this study, monthly sampling tends to detect significant trends more 

quickly than quarterly sampling.  But, the difference in the number of years to detect 

a trend of the same magnitude is quite small and found to draw from the same 

probability distribution of trend detection times.  Thus, suggesting that the power 

lost when reducing to quarterly sampling does not have a significant impact on the 

time to detect the trend.  However, further reduction to annual sampling does not 

show these similarities.  Annual sampling is perpetually found to take significantly 

longer to detect trends than either monthly or quarterly sampling schemes.   

Selection of a quarterly sampling scheme that captures the hydrologic 

variability introduced by seasonality improves both the detection of trends and the 

time required to detect those trends, yielding results closer to those from monthly 

sampling.  When using the quarterly dataset derived from local seasonality over the 

quarterly datasets with quarters chosen from the calendar year, detection of 

baseline trends improves by 20%.  Hydrographs provide a good indication of 

periods to select for sampling in a given climatic region.  Seasonality affects the 

amount of water in a stream, the source of water (precipitation/overland flow vs. 

groundwater), the temperature of water, all of which can impact water quality.  

Developing a sampling design according to these hydrologic processes refines the 

results from the SKT.   



52 

CONCLUSIONS 

The monthly baseline datasets detect more trends, more quickly, than the 

quarterly or annual datasets.  The quarterly re-sampled datasets detect trends 

nearly as well as monthly sampling (70%) whereas annual sampling sometimes 

detects no trends.  Detection of the baseline trends improves to 80% when quarterly 

sampling is designed to capture seasonality.  Wilcoxon Rank Sum Tests never found 

monthly and quarterly sampling schemes to draw from different distributions of 

detection times.  However, when comparing monthly or quarterly sampling to 

annual sampling the test finds that annual sampling can come from a distribution of 

longer detection times.  It can take annual sampling significantly longer (twice that 

of quarterly) to detect as small as a two percent annual increase.  Across the three 

sites, quarterly sampling detects 40% more trends than annual sampling.  With 

similar Minimal Detectable Change for monthly and quarterly sampling plans, and 

quarterly sampling costing merely a third of monthly sampling, it is a viable 

alternative to monthly sampling.  Devising a quarterly sampling scheme that is 

representative the local hydrologic seasonality optimizes the ability of a quarterly 

dataset to detect changes in water quality.  
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APPENDIX A: MATLAB CODES 

A1:  Mann-Kendall Tau-b with Sen's Method (Enhanced) 

% Mann-Kendall Tau (aka Tau-b) with Sen's Method (enhanced) 
%   A non-parametric trend test 
% 
% Important Note:  
%      I have also posted a Seasonal Kendell function at Mathworks  
%             sktt.m 
% 
%   revised 12/1/2008- Computed variance now takes into account ties in the 
%      time index with multiple observations per index. 
%      Added in confidence intervals for Sens Slope 
% 
% Syntax: 
%     [taub tau h sig Z S sigma sen n senplot CIlower CIupper D Dall C3]  
%               = ktaub(datain, alpha, wantplot) 
% 
% where: 
%     datain = (N x 2) double 
%     alpha = (scalar) double 
%     wantplot is a flag 
%             ~= 0 means create plot, otherwise do not plot 
%     taub = Mann-Kendall coefficient adjusted for ties 
%     tau = Mann-Kendall coefficient not adjusted for ties 
%                n(n-1)/2 
%     h = hypothesis test (h=1 : is significant) 
%     sig = p value (two tailed) 
%     Z = Z score 
%     sigma = standard deviation 
%     sen = sen's slope 
%     plotofslope = data used to plot data and sen's slope 
%     cilower = lower confidence interval for sen's slope 
%     ciupper = upper confidence interval for sen's slope 
% 
% These next two variables are output because they are needed in the 
% Seasonal Kendall function: sktt.m 
%     D = denominator used for calculating Tau-b 
%     Dall = denominator used for calculating Tau 
%     C3 = individual seasonal slopes aggregated for Sens Seasonal Slope 
%     nsigma = an assumed variance with all ties reconsidered but set to 
%              equal number of positive and negative differences. 
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% Modifications: 
% 12/1/2008 - Taub = denominator is adjusted 
%             Tau  = denominator is NOT adjusted  
%                    (matches USGS Kendall.exe output) 
% 1/17/2009 - checks for anomalies and provides solutions and/or 
%             notifications.  In support of this for the Seasonal Kendall 
%             (which was also updated 1/17/2009), another term was added to  
%             the output of this function-- nsigma. 
% 
% When calculating trends, there are a few situations that create anomalies 
% in the estimates. Foremost, when S = 0, significance will always be 
% 100-percent, which is not possible. When this occurs the p-value is 
% adjusted by using the computed variance, but assuming S = 1.  However,  
% the output from the function will still show S=0 when the case arises.  
% 
% Secondly, a statistically significant slope = 0 can occur when there are 
% a large number of ties in the data.  In this case, a second test is done 
% assuming the number of ties is equal an even number positive and negative 
% differences.  Significance is tested again, but the output is only sent 
% to the screen.  The p-value returned in the function is still the 
% original p-value (and the adjusted p-value for serial correlation).   
% These test for anomalies and solutions are based on an unpublished paper: 
% 
% Anomalies and remedies in non-parametric seasonal trend tests and 
% estimates by Graham McBride, National Institute of Water & Atmospheric 
% Research, Hamilton New Zealand.  March 2000. 
% 
%  Note:  if data are not temporally evenly spaced, Sen's slope becomes 
%  inaccurate (a future TODO). 
% 
% Requirements: Statistics Toolbox 
%     or comment out ztest and manually determine significance 
% 
% This function is coded without any loops. While this is extremely fast, 
% it does have some limitations to computer memory. For example, if a data 
% set is around 10,000 in length, 1.0 GB RAM may or may not work. 
% 
% However, I would imagine if memory is a problem for someone with large 
% datasets, a person could convert the necessary variables and statements 
% to work with sparse matrices.  Which may slow down this function on 
% smaller datasets, but the memory issue would greatly diminish. 
% Sen's methodology was added in by Curtis DeGasperi- King County, DNRP. 
%  reference: Statistical Methods for Environmental Pollution Monitoring, 
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%  Richard O. Gilbert 1987, ISBN: 0-442-23050-8 
% 
% A couple of resources for Mann-Kendall statistics. 
% 
%  Statistical Methods in Water Resources 
%   By D.R. Helsel and R.M. Hirsch 
%        http://water.usgs.gov/pubs/twri/twri4a3/ 
% 
%  Computer Program for the Kendall Family of Trend Tests 
%   by Dennis R. Helsel, David K. Mueller, and James R. Slack 
%  Scientific Investigations Report 2005-5275 
%  http://pubs.usgs.gov/sir/2005/5275/downloads/ 
%  
% Written by Jeff Burkey 
% King County, Department of Natural Resources and Parks 
% 4/18/2006 
% 12/4/2008 (significantly revised) 
% email: jeff.burkey@kingcounty.gov 
function [taub tau h sig Z S sigma sen n senplot CIlower CIupper D Dall C3 nsigma] = 
ktaub(datain, alpha, wantplot) 
    % wantplot is a flag to create a figure or not default set to no 
    if exist('wantplot','var') == 0 
        % user didn't provide assume zero (i.e. no plot) 
        wantplot = 0; 
    end 
    % Data are assumed to be in long columns, hence 'sortrows' 
    sorted = sortrows(datain,1); 
    % remove any NaNs, if data are missing they should not be included as 
    % NaNs. 
    sorted(any(isnan(sorted),2),:) = []; 
     
    % return n after removing any NaNs 
    n = size(sorted,1); 
     
    % set to NaN if trend is not significant 
    senplot = NaN; 
     
    % extract out the data 
    row1 = sorted(:,1)'; 
    row2 = sorted(:,2)'; 
    clear sorted; 
    L1 = length(row1); 
    L2 = L1 - 1; 
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     % find ties 
    ro1 = sort(row1)'; 
    ro2 = sort(row2)'; 
    [a,b] = unique(ro1); 
    [d,e] = unique(ro2); 
    clear a c d f ro1 ro2; 
     
 % correcting loss of first value using diff on with unique 
    if b(1,1) > 1 
        ta = b(1,1); 
    else 
        ta = 1; 
    end 
    if e(1,1) > 1 
        tb = e(1,1); 
    else 
        tb = 1; 
    end 
    bdiff = [ta; diff(b)]; 
    ediff = [tb; diff(e)]; 
    clear ta tb b e; 
     
 % ties used for computing adjusted variance 
    tp = sum(bdiff .* (bdiff - 1) .* (2 .* bdiff + 5)); 
    uq = sum(ediff .* (ediff - 1) .* (2 .* ediff + 5)); 
     
 % modified 12/1/2008 
 % adjustments when time index has multiple observations 
   d1 = 9 * L1 * (L1-1) * (L1-2); 
   tu1 = sum(bdiff .* (bdiff - 1) .* (bdiff - 2)) * sum(ediff .* (ediff - 1) .* (ediff - 2)) / d1; 
   d2 = 2 * L1 * (L1-1); 
   tu2 = sum(bdiff .* (bdiff - 1)) * sum(ediff .* (ediff -1)) / d2; 
     
% ties used for adjusting denominator in Tau 
    t1a = (sum(bdiff .* (bdiff - 1))) / 2; 
    t2a = (sum(ediff .* (ediff - 1))) / 2; 
     
 % create matricies to be used for substituting values as indicies 
    m1 = repmat((1:L2)',[1 L2]); 
    m2 = repmat((2:L1)',[1 L2])'; 
 % populate matrixes for analysis 
    A1 = triu(row1(m1)); 
    A2 = triu(row1(m2)); 
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    B1 = triu(row2(m1)); 
    B2 = triu(row2(m2)); 
    clear m1 m2 row1 row2; 
     
    % Perform pair comparison and convert to sign 
    A = sign(A1 - A2); 
    B = sign(B1 - B2); 
     
    %perform operations to calculate Sen's Slope (median of rate of change 
    %among all data points) CLD added 5/3/2006 
    A3 = reshape((A1 - A2),L2*L2,1); 
    B3 = reshape((B1 - B2),L2*L2,1); 
    a = find(A3~=0); 
    C3 = sort(B3(a)./A3(a)); 
    sen = median(C3); 
    clear A1 A2 B1 B2 A3 B3 a; 
     
    % evaluate concordant and discordant 
    % +1 = concordant 
    % -1 = discordant 
    %  0 = tie 
    C = A.*B; 
    % Compute S 
    S = sum(sum(C,2)); 
    clear A B C; 
     
    % Calculate denominator with ties removed Tau-b 
    D = sqrt(((.5*L1*(L1-1))-t1a)*((.5*L1*(L1-1))-t2a)); 
    % Calcuation denominator no ties removed Tau 
    Dall = L1 * (L1 - 1) / 2; 
     
    % (modified 12/1/2008: added tau) 
    tau = S / Dall; 
    taub = S / D; 
     
    % adjust for normal approximations and continuity 
    if S > 0 
        s = S -1; 
    elseif S < 0 
        s = S + 1; 
    elseif S == 0 
        s = 0; 
    elseif isnan(S) 
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        error('ErrorTrend:ktaub', 'This function cannot process NaNs. \nPlease remove 
data records with NaNs.\n'); 
    end 
    if S==1 
        % Notify user continuity correction is setting S = 0 
        fprintf('\nTaub Message:  When absolute value S=1,'); 
        fprintf('\n               Continuity correction is setting S = 0.'); 
        fprintf('\n               This will affect calculated significance.\n'); 
    end 
    % compute square-root of variance with all ties accounted for in time 
    % index and in observation values. - JJB 12/1/2008 
    sigma = sqrt(((L1*(L1-1)*(2*L1 + 5) - tp - uq) / 18) + tu1 + tu2); 
     
    % nsigma is used if slope is zero and determined significant.  It is 
    % hypothesized that all ties can be represented as an equal number of 
    % postive and negative slopes. 
    nsigma = sqrt(L1*(L1-1)*(2*L1+5)); 
    Z = s / sigma; 
     
    % Estimate confidence intervals of Sen's slope 
    %      The next line requires STATISTICS Toolbox (norminv) 
    % Zup is a 1-tail Z (i.e. alpha/2) 
    Zup = norminv(1-alpha/2,0,1); 
    Calpha = Zup * sigma; 
    Nprime = length(C3); 
    M1 = (Nprime - Calpha)/2; 
    M2 = (Nprime + Calpha)/2 + 1; 
    % 1-tail limits 
    CIlower = interp1q((1:Nprime),C3,M1); 
    CIupper = interp1q((1:Nprime),C3,M2); 
    clear M1 M2 NPrime Zup Calpha 
    % h = 1 : means significance 
    % h = 0 : means not significant (i.e. sig < z(sig)) 
    if s==0 
        % Not possible to be 100% certain, force S = 1 and compute p-value 
        % using sigma. 
        [h, sig] = ztest(1,0,sigma,alpha); 
        fprintf('\nTaub Message: S = 0. P-value cannot = 100-percent. '); 
        fprintf('\n              P-value is adjusted using S = 1 and should be reported as p > 
%1.5f.\n',sig); 
        if sen~=0 
            fprintf('\nTaub Message: A non-zero Sens slope occurred when S =0.'); 
            fprintf('\n              This is not an error, more a notification.'); 
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            fprintf('\n    This anomaly may occur because the median may be computed'); 
            fprintf('\n     on one value equal to zero and one non-zero, etc.\n'); 
        end 
    else 
        [h, sig] = ztest(s,0,sigma,alpha); 
    End 
% Notify for Sens slope = 0 but is determined significant 
    if h==1 && sen==0 
        [hh, nsig] = ztest(s,0,nsigma,alpha); 
        fprintf('\nTaub Message:  There was a significant trend = 0 found.\n'); 
        fprintf('               Retested with ties set to equal number of positve and negative 
values.\n'); 
        fprintf('               New p-value = %1.5f',nsig); 
        if hh==1 
            fprintf('.  However trend still found to be significant.\n'); 
        else 
            fprintf(', but trend is not found to be significant.\n'); 
        end 
    end 
    % Below is a very simplistic plotting routine to plot the Sen slope if 
    % the significance is less than 0.05. Uncomment or delete at your 
    % leisure. 
    if sig<=alpha && wantplot ~= 0  %A plotting example CLD added 5/3/2006 
        plot(datain(:,1),datain(:,2),'.') 
        CLdiff = sen - CIlower; 
        CUdiff = CIupper - sen; 
        hold on 
        %generate points to represent median slope 
        %zero time for the calculation is the first time point 
        val = datain(:,2)-(sen*(datain(:,1)-datain(1,1))); 
        val(1) = median(val); 
        val = val(1) + sen * (datain(:,1) - datain(1,1)); 
        senplot = [datain(:,1) val]; 
        plot(datain(:,1),val,'-') 
        % add confidence intervals 
        plot(datain(:,1),val+CUdiff,'--') 
        plot(datain(:,1),val-CLdiff,'--') 
        hold off 
        pause 
    end 
end 



60 

Appendix A2:  Seasonal Kendall Test with Slope for Serial Dependent Data 

% Seasonal Kendall Trend Test for Data with and without Searial Dependance. 
% 
%  Tau-b seasonal: takes into account ties (and multiple observations, 
%  except, the data are preprocessed in a subfucntion and multiple 
%  observatiosn per a given season are averaged using median). 
% 
%  Tau-a seasonal: does not consider multiple observations per season as 
%       ties. The data are preprocessed, seasons with multiple observations 
%       are summarized with a median value.  
% 
% This routine will take into data evenly spaced by seasons.  Compute 
% Seasonal Tau-b, Tau, Sen's slope and it's confidence intervals. 
% 
% !!!   SERIAL CORRELATION IS COMPLETE AND VERIFIED   !!! 
% 
% Accounting for Serial Correlation is based on the below paper: 
%  Hirsch, R. M., Slack, J. R., A Nonparametric Trend Test for Seasonal 
%  Data with Serial Dependence.  Water Resources Research Vol 20, No. 6, 
%  pages 727-732, June 1984. 
% 
% Modifications: 
%    12/13/2008 - added Homogeneity test of trends for different seasons. 
%    12/17/2008 - added adjustments to significance with serial 
%    correlations removed by computing covariance instead of assuming zero. 
%    Starting season can be users specified. 
%    12/18/2008 - mulitiple observations in a single season are median 
%                 averaged. 
%    1/17/2009 - checks for anomalies and provides solutions and/or 
%                notifications.  Also requires the updated ktaub.m file 
%                because of the need for a computed variance with no ties 
%                removed.  
% 
% When calculating trends, there are a few situations that create anomalies 
% in the estimates. Foremost, when S = 0, significance will always be 
% 100-percent, which is not possible. When this occurs the p-value is 
% adjusted by using the computed variance, but assuming S = 1.  However,  
% the output from the function will still show S=0 when the case arises.  
% 
% Secondly, a statistically significant slope = 0 can occur when there are 
% a large number of ties in the data.  In this case, a second test is done 
% assuming the number of ties is equal an even number positive and negative 



61 

% differences.  Significance is tested again, but the output is only sent 
% to the screen.  The p-value returned in the function is still the 
% original p-value (and the adjusted p-value for serial correlation).   
% 
% These test for anomalies and solutions are based on a paper: 
% 
% Anomalies and remedies in non-parametric seasonal trend tests and 
% estimates by Graham McBride, National Institute of Water & Atmospheric 
% Research, Hamilton New Zealand.  March 2000. 
% 
% Dependencies:  ktaub.m (Updated 1/17/2009) 
%                Statistics Toolbox 
% 
% This function does require ktaub.m which has also been revised to support 
% this function, so if you've previously downloaded ktuab.m, please check 
% to make sure you have the most recent version. 
% 
% Note: Calculating the covariance depends on when your seasons start in 
% the year.  For example, the USGS program Kendall.exe will automatically 
% assume that Season 1 is the start of a water year (i.e. Season 1 = 
% October, Season 12 = September). True that the 1984 Hirsch 
% paper is dervied using 12-seasons (i.e. months), it is certainly 
% reasonable to assume that the number of seasons can be something other 
% than 12 months, and not necessariliy starting in October.  So this 
% function allows for the user to specify when Season 1 is to start.  This 
% nuance is critical because incomplete years are filled in with mid-ranks 
% in the covariance. 
% 
% !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 
% Important Note!  There is a small bug in the USGS Kendall.EXE.  They use  
%   an approximation for determining a season. Their formula is: 
% 
% jprd = (dectime(iobs) - base) * nseas + 1 ! Time period. 
% 
% Using their own example, two observations taken from SK1C.txt, have the 
% decimal times of: 1979.2614, 1979.3327. 
% 
%  (1979.2614 – 1974.75) * 12 + 1 = 55.1368 
%  (1979.3327 – 1974.75) * 12 + 1 = 55.9924  
% 
% Thus they are assumed to be from the same season. When in fact those 
% decimal years refer to April 5, 1979, and May 1, 1979-- different months 
% thus should be different seasons.   
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% Surprisingly there is high sensitivity to this issue.  Output from 
% Kendall.EXE  
%    tau = -0.063 
%    Z=-0.5841 
%    S= -12 
%    sig = .5592 
%    sig-adjusted = 0.2838 
% 
% If you fix that bug, the correct results would be: 
%    tau = -0.046 
%    Z=-0.4180 
%    S= -9 
%    sig = .6760 
%    sig-adjusted = 0.4229 
% 
% If you manually adjust that record to match what Kendall.exe would do,  
%  sktt.m  would produce the same results as Kendall.EXE. 
% 
% These seasonal statistics were inspired by: Richard O. Gilbert, Pacific 
% Northwest National Laboratories, "Statistical methods for Environmental 
% Pollution Monitoring", 1987, Van Nostrand Reinhold, New York Publishing, 
% ISBN 0-442-23050-8. 
% 
% A good supporting statistic that may prove useful is performing a global 
% trend test evaluating homogeneity of trends for different stations and 
% seasons.   
%    See the posted function namged: GlobalTrends.m 
% 
% I found a few other resources worth mentioning applying 
% this statistic. 
% 
%   THE COMPUTER PROGRAM ESTIMATE TREND (ESTREND), A SYSTEM 
%   FOR THE DETECTION OF TRENDS IN WATER-QUALITY DATA 
%   By Terry L. Schertz, Richard B. Alexander, and Dane J. Ohe 
%       U.S. GEOLOGICAL SURVEY 
%       Water-Resources Investigations Report 91-4040 
% 
%  Statistical Methods in Water Resources 
%   By D.R. Helsel and R.M. Hirsch 
%        http://water.usgs.gov/pubs/twri/twri4a3/ 
% 
%  Computer Program for the Kendall Family of Trend Tests 
%   by Dennis R. Helsel, David K. Mueller, and James R. Slack 
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%  Scientific Investigations Report 2005-5275 
%  http://pubs.usgs.gov/sir/2005/5275/downloads/ 
% 
% It's my understanding that there is a seasonal statistic done in R as 
% well, but I do not have a link to it. 
% 
% datain structure is assumed to vary as the following: 
% datain(:,1) = Time (e.g. year) 
% datain(:,2) = season 
% datain(:,3) = data 
% alpha = assumed level of confidence 
% wantplot = flag if ~= 0 then a figure will be created if Tau-b is 
% significant. 
% StartSeason = shift seasons to start with this one. 
%    Example: StartSeason = 10 will shift seasons 10 = 1, then years are 
%    adjusted to start with the new season shift. 
% 
% Syntax: 
%    [taubsea tausea Sens h sig sigAdj Zs Zmod Ss Sigmas CIlower CIupper] 
%                 = sktt(datain,alpha,wantplot,StartSeason) 
% 
% Written by Jeff Burkey 
% King County, Department of Natural Resources and Parks 
% 12/10/2006 
% email: jeff.burkey@kingcounty.gov 
function [taubsea tausea Sens h sig sigAdj Zs Zmod Ss Sigmas CIlower CIupper] = 
sktt(datain, alpha, wantplot,StartSeason) 
     
    % StartSeason is a flag to adjust seasons and shift years 
    if exist('StartSeason','var') == 0 
        % user didn't provide assume one and do not shift 
        StartSeason = 1; 
    end 
     
    % See function at end of this m-file 
    datain = AdjustSeasons(datain,StartSeason); 
    [m,n] = size(datain); 
     
    % wantplot is a flag to create a figure or not default set to no 
    if exist('wantplot','var') == 0 
        % user didn't provide assume zero (i.e. no plot) 
        wantplot = 0; 
    end 
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    if n >= 3 
        % Sort by Time then by Season (or data value) 
        sorteds = [sortrows(datain, [1,2]) ones(m,1)] ; 
        Seasons = unique(datain(:,2)); 
    else 
        % there is a problem in the structure of the data 
        error('ErrorSeasonalTrend:sktt', 'There is a problem in the structure of the 
input data.\n'); 
    end 
     
    NumOfSeasons = length(Seasons); 
    nyears = max(datain(:,1))-min(datain(:,1)) + 1; 
    baseyear = min(datain(:,1))-1; 
     
    % set minimum data per season to length of dataset.  This is used to 
    % determine if S should be adjusted for approximation of normallacy. 
    minn = m; 
    sens = []; 
     
    for ii = 1:NumOfSeasons 
        data = sorteds(sorteds(:,2)==ii,:); 
        [taub(ii) tau(ii) h(ii) sig(ii) Z(ii) S(ii) sigma sen(ii) n(ii) splot CIlower CIupper 
D(ii) Dall(ii) C3 nsigma] = ktaub([data(:,1) data(:,3)], alpha); 
        vars(ii) = sigma^2; 
        nvars(ii) = nsigma^2; 
        sens = [sens; C3]; 
        if minn > n(ii) 
            minn = n(ii); 
        end 
    end 
     
    % Test for homogeneity of trends for different seasons. 
    % If different seasons have different directions, the Seasonal Kendall 
    % test and slope will be misleading. - Gilbert page 229 
    ChiTotal = sum(Z.^2); 
    ChiTrend = NumOfSeasons*(sum(Z)/NumOfSeasons)^2; 
    ChiHomog = ChiTotal - ChiTrend; 
    % if ChiHomog exceeds the alpha critical value with df = K-1 seasons 
    % then Kendall Seasonal test and slope are not valid, individual 
    % seasons should be evaluated. 
    alphaCritical = chi2inv(1-alpha,NumOfSeasons-1); 
    if ChiHomog > alphaCritical 
        % Seasonal Kendall not valid, compute individual Tau-b and Slope 
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        % for each season. 
        fprintf('SKTT Warning: Seasonal Kendall test and slope not valid.\n'); 
    else 
        alphaTrend = chi2inv(1-alpha,1); 
        if nyears < 10 
            fprintf('SKTT Warning: There are less than 10-years of data used per 
season.\n'); 
            fprintf('         Type-II error may occur when testing for common trend in all 
seasons.\n'); 
        end 
        if ChiTrend < alphaTrend 
            % There is a common trend for all seasons 
            fprintf('\nSKTT Message:  There is a common trend for all 
seasons.\nChiTrend = %d, \nand a critical value= %d\n', ChiTrend, alphaTrend); 
        end 
    end 
     
    Ss = sum(S); 
    taubsea = sum(S)/sum(D); 
    tausea = sum(S)/sum(Dall); 
    Sigmas = sqrt(sum(vars)); 
    nSigmas = sqrt(sum(nvars)); 
    Sens = median(sens); 
    SumVars = sum(vars); 
     
    ss = Ss; 
     
    % correction factor for testing null hypothesis 
    %  Gilbert p. 227 
    if minn < 10 
        if Ss > 0 
            ss = Ss - 1; 
        elseif Ss ==0 
            ss = 0; 
        elseif Ss < 0 
            ss = Ss + 1; 
        elseif isnan(Ss) 
            error('ErrorSeasonalTrend:sktt', 'This function cannot process NaNs. \nPlease 
remove data records with NaNs.\n'); 
        end 
        if Ss==1 
            % Notify user continuity correction is setting S = 0 
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            fprintf('\nSKTT Message:  When n-years for a season is less than 10 and 
S=1,'); 
            fprintf('\n               Continuity correction is setting S = 0.'); 
            fprintf('\n               This will affect calculated significance.\n'); 
        end 
    end 
     
    Zs = ss / Sigmas; 
     
    %% Test for significance, requires Statistical Toolbox 
    % h = 1 : means significance 
    % h = 0 : means not significant (i.e. sig < z(sig)) 
    if ss==0 
        [h, sig] = ztest(1,0,Sigmas,alpha); 
        [Zmod sigAdj] = serialAdjusted(datain, SumVars, ss, alpha); 
        fprintf('\nSKTT message: S = 0. P-value cannot = 100-percent.'); 
        fprintf('\n              P-value is adjusted using S = 1 and should be reported as p > 
%1.5f and p-adjusted > %1.5f.\n',sig,sigAdj); 
        if Sens ~= 0 
            fprintf('\nSKTT Message:  A non-zero Seasonal Sens slope occurred when 
Sseasons =0.\n'); 
            fprintf('\n              This is not an error, more a notification.'); 
            fprintf('\n              This anomaly may occur because the median may be 
computed'); 
            fprintf('\n              on one value equal to zero and one non-zero, etc.\n'); 
        end 
    else 
        [h, sig] = ztest(ss,0,Sigmas,alpha); 
        [Zmod sigAdj] = serialAdjusted(datain, SumVars, ss, alpha); 
    end 
        % Notify for Sens slope = 0 but is determined significant 
    if h==1 && Sens==0 
        [hh, nsig] = ztest(ss,0,nSigmas,alpha); 
        fprintf('\nSKTT Message:  There was a significant seasonal trend = 0 found.\n'); 
        fprintf('               Retested with ties set to equal number of positve and negative 
values.\n'); 
        fprintf('               New p-value = %1.5f',nsig); 
        if hh==1 
            fprintf('.  However trend still found to be significant.\n'); 
        else 
            fprintf(', but trend is not found to be significant.\n'); 
        end 
    end 
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        %% Estimate confidence intervals of Sen's slope and plot Seasonal slopes 
    %      The next line requires STATISTICS Toolbox (norminv) 
    Zup = norminv(1-alpha/2,0,1); 
    Calpha = Zup * Sigmas; 
    Nprime = length(sens); 
    M1 = (Nprime - Calpha)/2; 
    M2 = (Nprime + Calpha)/2 + 1; 
    % 1-tail limits 
    CIlower = interp1q((1:Nprime),sort(sens),M1); 
    CIupper = interp1q((1:Nprime),sort(sens),M2); 
     
    clear M1 M2 NPrime Zup Calpha 
     
    if sig<=alpha && wantplot ~= 0 
        px = datain(:,1) + datain(:,2)/NumOfSeasons; 
        plot(px,datain(:,3),'.') 
        CLdiff = Sens - CIlower; 
        CUdiff = CIupper - Sens; 
        hold on 
        %generate points to represent median slope 
        %zero time for the calculation is the first time point 
        val = datain(:,3)-(Sens*(px-px(1))); 
        val(1) = median(val); 
        val = val(1) + Sens * (px-px(1)); 
        senplot = [px val]; 
        plot(px,val,'-') 
        % add confidence intervals 
        plot(px,val+CUdiff,'--') 
        plot(px,val-CLdiff,'--') 
        hold off 
        pause 
    end 
end 
  
function[Zmod sigAdj] = serialAdjusted(data, SumVars, ss, alpha) 
    %% Calculate covariance of Seasonal Kendall 
    % The function: tiedrank is used and is part of the statistic toolbox 
    % in matlab. Although this could easily be replaced with an internal 
    % ranking scheme, but.... 
    % 
    % Reference: 
    % 
    % Hirsch and Slack, A Nonparametric Trend Test for Seasonal Data with 
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    % Serial Dependence. Water Resources Research, Vol 20, Number 6, pg 
    % 727-732, June 1984. 
    % 
    % Unmodified seasonal assumes independance of seasons.  By including 
    %  the covariance this assumption is no longer needed because the covariance 
    %  is soemthing other than zero now.   
     
    baseyear = min(data(:,1))-1; 
  
    % I'm using a sparse matrix because there may be missing values in the 
    % data. 
    X = sparse(data(:,1)-baseyear,data(:,2),data(:,3)); 
     
    X1 = full(X); 
    Xones = full(spones(X)); 
    Xones(Xones == 0) = nan; 
    X2 = X1.*Xones; 
     
    nsea = size(X2,2); 
    nyr = size(X2,1); 
    L2 = nyr - 1; 
    B = zeros(L2); 
    B2 = B; 
    for gh=1:nsea 
        % This routine creates a matrix for a season of the years, need to 
        % then sum it up over the number of seasons. 
        m1 = repmat((1:L2)',[1 L2]); 
        m2 = repmat((2:nyr),[L2 1]); 
         row1 = X2(:,gh); 
 
        % populate matrixes for analysis 
        A1 = triu(row1(m1)); 
        A2 = triu(row1(m2)); 
         
        clear m1 m2 row1 row2; 
         
        % Perform pair comparison and convert to sign 
        A = sign(A2 - A1); 
        A(isnan(A)) = 0; 
        B = B + A; 
        B2 = B2 + A.^2; 
    end 
    sumkgh = sum(sum(B.^2 - B2)); 
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    % NOTE: tiedrank function requires the Statistics Toolbox for Matlab 
    R = tiedrank(X2); 
    Ravg = nanmean(R); 
    % convert nan's in R to zero so I can add matrices 
    R(isnan(R) == 1) = 0; 
    % compute mid ranks per season for n-years 
    Ravg1 = repmat(Ravg,size(X,1),1); 
    R2 = (full(spones(X))-1)*-1.*Ravg1; 
    % replace NaN's with zeros, than add in mid-ranks for missing values 
    % (i.e. NaN's). 
    R3 = R2 + R; 
    RR = sum(sum(R3,2).^2 - sum(R3.^2,2)); 
     
    ng = zeros(1,nsea); 
    for g=1:nsea 
        ng(g) = nnz(X(:,g)); 
    end 
    ngh2 = sum((ng + 1).^2); 
    ngh = sum(ng + 1); 
    sumngh = ngh^2-ngh2; 
     
    sigmagh = (sumkgh + 4*RR - nyr*sumngh)/3; 
     
    % add covariance to variance 
    VarSmod = SumVars + sigmagh; 
    sigmaMod = sqrt(VarSmod); 
    Zmod = ss / sigmaMod; 
    % the output of the function does not include hadj. 
    if ss==0 
        % p-value cannot equal 100% adjust S. 
        [hadj, sigAdj] = ztest(1,0,sigmaMod,alpha); 
        fprintf('\nSKTT Message: adjusted p-value cannot be 100-percent.'); 
        fprintf('\n              Re-tested assuming S=1. New adjusted p-value > 
%1.5f.\n',sigAdj);  
    else 
        [hadj, sigAdj] = ztest(ss,0,sigmaMod,alpha); 
    end 
end 
  
function [datain] = AdjustSeasons(datain, startSeason) 
    % Adjust seasons using Startseasons as first season. 
    % Example: StartSeason = 10, then the 10th season becomes the first 
    % season, 11th season becomes the second season, etc.  Then if 
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    % statSeasons is something other than 1, then shift years by one.  This 
    % will create a season year = actual year where January 1 occurs.  This 
    % is a general way of describing for example how a 'water year' is 
    % defined (i.e. Oct - Sept). 
    % 
    % However this routine is generalized enough that seasons could be 
    % any increment less than yearly. 
    % 
    if startSeason ~= 1 
        season = unique(datain(:,2)); 
        maxseas = max(season); 
        delta = maxseas - startSeason + 1; 
        seasL = datain(:,2) < startSeason; 
        seasU = datain(:,2) >= startSeason; 
        datain(seasU,2) = datain(seasU,2)-(startSeason -1); 
        datain(seasL,2) = datain(seasL,2)+delta; 
        datain(seasU,1) = datain(seasU,1)+1; 
    else 
        fprintf('\nSKTT Message:  There was no adjustment to the seasons.\n'); 
    end 
     
    % Any observations that occur in the same season, the median of the 
    % season is returned. 
    datain = seasonAverage(datain); 
    end 
  
function [datain] = seasonAverage(datain) 
    % Observations within a given season are averaged by taking the median 
    % value.  If the user wants to average with something other than 
    % median, then see the comment below on where to change it. 
    dte = datenum(datain(:,1),datain(:,2),1); 
    data = [dte datain]; 
    n = size(data,1); 
    sumobs = []; 
    data2 = zeros(size(unique(data(:,1)),1),4); 
    cnt = 2; 
     
    % Need to evaluate first record 
    if data(2,1)~= data(1,1) 
        data2 = data(1,:); 
    else 
        sumobs = data(1,4); 
    end 
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     % now process all but the last record 
    while cnt < n 
        if data(cnt,1)== data(cnt+1,1) 
            sumobs = [sumobs; data(cnt,4)]; 
            fl = 1; 
        elseif (data(cnt,1)~= data(cnt+1,1)) && (data(cnt,1)== data(cnt-1,1)) 
            sumobs = [sumobs; data(cnt,4)]; 
            fl = 0; 
        else 
            sumobs = data(cnt,4); 
            fl = 0; 
        end 
        obsavg = median(sumobs); 
        if fl == 0 
            data2 = [data2; [data(cnt,1:3) obsavg];]; 
            sumobs = []; 
        end 
        cnt = cnt + 1; 
    end 
     
    % now process the last record 
    if data(cnt,1)== data(cnt-1,1) 
        sumobs = [sumobs; data(cnt,4)]; 
    elseif data(cnt,1)~= data(cnt-1,1) 
        sumobs = data(cnt,4); 
    end 
     
    % If the user wants to summarize with a different statistic, this is 
    % where you'd do it. 
    obsavg = median(sumobs); 
    data2 = [data2; [data(cnt,1:3) obsavg];]; 
     
    % now remove matlab datenum from dataset 
    datain = data2(:,2:4); 
     
end 
 



 

APPENDIX B:  SEN’S SLOPE ESTIMATE WITH CHANGES IN SAMPLING FREQUENCY  
Table B1: Mogollon Creek 

 

Mogo SC pH DO  CO2 ANC Ca Mg Na Ca/Na K 

Monthly -0.7683 0.0242 -- -0.1245 0.0258 -0.1 -0.0015 -0.0228 -0.0122 0 

Quarter 1 -0.6307 0.0258 -- -0.0958 0.0485 -0.0835 0.005 -0.023 -0.0065 0 

Quarter 2 -1.2386 0.0278 -0.036 -0.1254 -0.0018 -0.16 -0.0143 -0.0257 -0.0167 0 

Quarter 3 -1.0453 0.0369 0.04 -0.1545 -0.125 -0.0928 0.0052 0 -0.0136 0 

Quarter NPSm -0.7135 0.023 0.0063 -0.0613 0 -0.0835 -0.0077 -0.0212 -0.0067 0 

Annual Aug -2.0833 0.0159 0.0214 -0.059 -0.3171 -0.2308 -0.0165 -0.04 -0.0131 -0.0079 

Annual Nov -0.3933 0.04 0 -0.1154 0.1241 -0.1499 0.0096 -0.0273 -0.0278 0 

 

Mogo Cl SO4 SO4/Cl F Si Ammonia P 
Ortho-

phosphate 
Fe 

Fecal 
Coliform 

Monthly -0.0045 -0.2747 -0.1935 -0.0062 0 -- 0 -- 0.6039 -- 

Quarter 1 0.0042 -0.315 -0.3154 -0.006 0 -- 0 -2.27E-04 0.9286 -- 

Quarter 2 -0.0114 -0.3142 -0.1788 -0.0063 0 -0.0046 0 0 0.6963 0.4325 

Quarter 3 -0.0191 -0.2071 -0.1094 0 0 -- 0 -- 0 0 

Quarter NPSm -0.0133 -0.3356 -0.1775 -0.0051 0 -0.0044 0 0 0.6391 0.1091 

Annual Aug -0.02 -0.4683 -0.1732 -0.0083 -0.0833 -0.0046 0 8.55E-04 0.6538 0.1111 

Annual Nov 0 -0.2519 -0.19 -0.005 -0.0455 -0.0031 0 -6.53E-04 -0.0567 0.4 

Significant values are in bold. 
-- Indicates insufficient data to run analysis. 
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Table B2: Wet Bottom Creek 
 

WBC SC DO  pH CO2 ANC Ca Mg Na Ca/Na K 

Quarterly 
(middle) 

-1.203 0.0501 9.39E-04 -0.0333 -0.1636 -0.1705 -0.0413 -0.0617 -0.0063 -0.0057 

Quarter 1 0.6888 0.0176 0.0278 -0.1091 0.1697 -0.1306 0.015 0.0687 -0.0182 0.0015 

Quarter 2 -0.9518 0.0486 0.0045 -0.0429 -0.0032 -0.1252 -0.0251 -0.0651 0.0052 -0.0038 

Quarter 3 -3.4095 0.0844 0.0048 -0.02 0.5162 -0.0633 0.01 0.116 -0.0129 -0.0066 

Quarter NPSm -0.6976 0.05 0 -0.0273 -0.0274 -0.1515 -0.0408 -0.0385 -0.0073 -0.0089 

Annual May 0.1506 0.0162 0.0162 -0.1258 0.4302 -0.1043 -0.0125 0.055 -0.0072 0 

Annual Dec -0.6233 0.1125 -0.0065 -0.0062 0.1623 -0.102 -0.0098 0.1172 -0.0104 -0.0125 

 

WBC Cl SO4 SO4/Cl F Si Ammonia NO2+NO3 P 
Ortho-

phosphate 

Quarterly 
(middle) 

-0.0643 -0.1519 -0.0158 0.0022 0.148 -0.0025 0 0 0 

Quarter 1 0.0653 -0.275 -0.0579 0.0019 0.224 -- 9.09E-04 0 0 

Quarter 2 -0.0876 -0.1128 -0.0145 0.0018 0.1221 -0.0041 0 0 0 

Quarter 3 -0.0117 -0.1694 -0.0296 0.0198 0.2505 -0.0033 0 0 0 

Quarter NPSm -0.0626 -0.1455 -0.0158 0.0071 0.1684 -0.0025 0 0 0 

Annual May -0.2 -0.1278 -1.44E-02 0.0062 0.1122 -0.0045 0 0 -1.71E-04 

Annual Dec -8.28E-04 -0.1091 -0.0198 0.0149 0.216 -0.0019 0 0 0 

Significant values are in bold. 
-- Indicates insufficient data to run analysis. 7
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Table B2 (continued) 

 

WBC Ba B Fe Sr Al Li Fecal Coliform 

Quarterly 
(middle) 

-0.1429 -2.25 0.75 -0.4885 20.4576 -0.3494 -0.25 

Quarter 1 -- -- 0.9268 -- -- -- 0 

Quarter 2 -0.125 -2.25 0.8377 0.1219 0 -0.5663 0 

Quarter 3 -- -2 1.7143 -- -- -- 0.5857 

Quarter NPSm -0.2083 -1.2667 0.9643 -0.4024 2.1888 -0.4104 -0.1429 

Annual May 0.4167 -7.0833 -0.4755 1.34E+00 -0.0391 -7.95E-01 0.9444 

Annual Dec -3 -3.3333 2.1429 -0.2379 -41.0726 -0.5225 0.3571 
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Table B3: Salt River 
 

Salt SC DO  pH CO2 ANC Ca Mg Na Ca/Na K 

Monthly 3.3763 -0.0054 0 0.0019 -0.0084 -0.3494 -0.0792 0.079 -0.0012 -0.0021 

Quarter 1 5.2323 0 0 0.0143 -0.0697 -0.257 -0.0062 1.0875 -0.0029 0.0214 

Quarter 2 3.8448 0.0014 0.0045 0 0.2433 -0.3197 -0.0737 0.0564 -0.0012 -0.0091 

Quarter 3 2.0296 -0.0079 3.70E-04 0 -0.1572 -0.4462 -0.1448 -0.6161 -0.0015 -0.0186 

Qtr NPSm 2.929 0.0035 0 0.0018 -0.1035 -0.389 -0.0947 -0.5487 -0.0017 -0.0112 

Annual March -1.5094 0.0152 -0.0012 0 -0.6796 -0.4383 -0.054 -0.4589 -0.0047 -0.0161 

Annual Dec 2.972 -0.0205 0.0025 0.003 0.0066 -0.5994 -0.1972 -1.2258 -8.58E-04 -0.0444 

 
 

Salt Cl SO4 SO4/Cl F Si P 
Ortho-

phosphate 
TN Ammonia As 

Monthly 0.5227 -0.7648 -0.0034 4.04E-04 -0.0133 1.53E-04 -1.45E-04 0.0296 -8.27E-04 0.035 

Quarter 1 1.3862 -0.4425 -0.0047 0 0.0324 3.58E-04 0 0.0806 -3.85E-04 0.0902 

Quarter 2 0.341 -0.5679 -0.0014 -3.70E-04 -0.0445 -1.00E-03 0 0.0429 -7.14E-04 0.0556 

Quarter 3 0.0093 -1.1097 -0.0031 4.79E-04 0 0 0 0.01 -0.0012 0.0212 

Qtr NPSm -0.0086 -1.0055 -0.0019 -3.60E-04 -0.0133 -4.55E-04 0 0.024 -8.33E-04 0.08 

Annual March -0.6938 -0.4314 -4.56E-04 0 0.0382 0.0023 1.90E-04 0.0013 1.62E-04 0.0078 

Annual Dec 0.6895 -1.5954 -0.0026 0.0016 -0.0356 7.72E-04 0 0.0225 -9.76E-04 0.0091 

Significant values are in bold. 
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Table B3 (continued) 
 

Salt B Cr Cu Fe Pb Mn Zn 
Fecal 

Coliform 
Fecal 

Streptococci 

Monthly 0.5932 -0.1081 -0.0769 1.8751 -0.0313 3.875 -0.4886 -0.1026 1.1092 

Quarter 1 1.2666 -0.1627 -0.1136 3.5612 -0.0536 3.6667 -0.6727 -0.0503 1.235 

Quarter 2 0.1253 -0.04 -0.115 -18.1481 -0.0261 16.7625 -0.1071 0 1.4643 

Quarter 3 0.6744 -0.0671 -0.05 -6 -0.0229 -0.0349 -0.4429 -0.2404 0.5 

Qtr NPSm 0.5149 -0.029 -0.025 -18.148 -0.0179 0.7008 -0.3333 -0.244 1.75 

Annual March 1.1678 0 -0.1105 -7.3926 -0.0821 0.5 -0.4035 -0.2125 0.75 

Annual Dec 1.1775 -0.1269 0.0118 -4.5577 -0.0303 -0.1304 0.0047 -0.125 0 
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APPENDIX C: NUMBER OF YEARS TO DETECT ARTIFICIAL TRENDS 
Table C1: Step Change Using Monthly Data 

 

Monthly 
Step 

Trend Length 2 years 5 years 

Percent Change 5 10 20 30 40 50 5 10 20 30 40 50 

MOGO 

Mg -- -- -- -- 3 2 35 35 35 3 3 2 

Cl -- -- -- -- -- -- -- -- -- -- -- -- 

Si -- -- -- -- -- -- -- -- 5 4 4 4 

Salt 

DO  -- 2 1 1 1 1 3 2 1 1 1 1 

Fe -- -- -- -- -- -- -- -- -- -- -- -- 

K -- -- -- -- -- -- -- -- -- 4 4 4 

Average Years to Detection 35 29.5 29.3 29.3 24 23.8 29.7 29.5 24.3 13.7 13.7 13.5 

 

Monthly 
Step 

Trend 
Length 

10 years 15 years Last 10 years 

Percent 
Change 

5 10 20 30 40 50 5 10 20 30 40 50 5 10 20 30 40 50 

MOGO 

Mg -- -- 10 3 3 2 -- -- 10 3 3 2 -- -- -- 8 7 6 

Cl -- -- -- -- -- 10 -- -- -- 14 11 7 -- -- -- 9 8 8 

Si -- 9 5 4 4 4 -- 9 5 4 4 4 -- -- 6 5 5 5 

Salt 

DO  3 2 1 1 1 1 3 2 1 1 1 1 8 5 4 4 4 4 

Fe -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 

K -- -- 8 4 4 3 16  12 8 4 3 3 -- -- 6 5 5 5 

Average Years to 
Detection 

29.7 25.2 15.7 13.7 13.7 9.2 26.5 21.3 15.7 10.2 9.5 8.7 30.5 30 20.2 11 10.7 10.5 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection. 
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Table C2: Step Change Using Quarterly Data 
 

Quarterly 
Step 

Trend Length 2 years 5 years 

Percent 
Change 5 10 20 30 40 50 75 90 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

Cl -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

Si -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

WBC 

Mg -- -- -- -- -- -- x x -- -- 5 4 3 3 x x 

Na -- -- -- -- -- -- x x -- -- -- -- -- 5 x x 

pH -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 5 

Salt 

DO  2 2 2 2 2 2 x x 2 2 2 2 2 2 x x 

Fe -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

K -- -- -- -- -- -- x x -- -- 3 3 3 3 x x 

Average Years to 
Detection 31.3 31.3 31.3 31.3 31.3 31.3 35 35 31.3 31.3 24.4 24.3 24.2 17.6 35 5 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection. 
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Table C2 (continued) 

Quarterly 
Step 

Trend 
Length 

10 years 15 years 

Percent 
Change 

5 10 20 30 40 50 75 90 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- -- -- 5 x x -- -- -- -- -- 5 x x 

Cl -- -- -- -- -- 10 x x -- -- 15 13 12 10 x x 

Si -- -- 6 6 6 6 x x -- -- 6 6 6 6 x x 

WBC 

Mg -- -- 4 4 3 3 x x -- 5 5 3 3 3 x x 

Na -- -- -- 9 6 3 x x -- -- 12 9 2 2 x x 

pH -- -- -- -- -- -- 6 5 -- -- -- -- -- -- 6 5 

Salt 

DO  2 2 2 2 2 2 x x 2 2 2 2 2 2 x x 

Fe -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

K -- 7 3 3 3 3 x x 10 8 3 3 2 2 x x 

Average Years to 
Detection 

31.3 28.2 21.1 18.2 17.8 11.3 6 5 28.6 25 16.4 15.7 14.7 11.1 6 5 
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Table C2 (continued) 

Quarterly 
Step 

Trend Length Last 10 years 

Percent Change 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- -- -- 10 x x 

Cl -- -- 9 6 6 6 x x 

Si -- -- 8 7 6 6 x x 

WBC 

Mg -- -- -- 9 3 2 x x 

Na -- -- 6 5 4 4 x x 

pH -- -- -- -- 10 9 6 5 

Salt 

DO  -- 8 7 7 7 7 x x 

Fe -- -- -- -- -- -- x x 

K 4 4 2 2 2 2 x x 

Average Years to Detection 31.6 28.6 19.1 15.7 12 9 6 5 
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Table C3: Step Change Using Annual Data 

Annual 
Step 

Trend 
Length 

2 years 5 years 

Percent 
Change 5 10 20 30 40 50 75 90 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- 2 1 1 x x -- -- -- 2 1 1 x x 

Cl -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

Si -- -- -- -- -- -- x x -- -- - 4 4 4 x x 

WBC 

Mg -- -- -- -- -- -- x x -- -- 5 4 4 4 x x 

Na -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

pH -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 6 

Salt 

DO  -- -- -- -- -- -- x x 6 5 3 3 3 3 x x 

Fe -- -- -- -- 3 3 x x -- -- -- -- -- -- x x 

K -- -- -- -- -- -- x x -- -- -- -- 20 20 x x 

Average Years to 
Detection 35 35 35 31.3 27.7 27.7 35 35 31.8 31.7 27.3 20.9 19.1 19.1 35 6 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection. 
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Table C3 (continued) 

Annual 
Step 

Trend 
Length 

10 years 15 years 

Percent 
Change 5 10 20 30 40 50 75 90 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- 2 1 1 x x -- -- 10 2 1 1 x x 

Cl -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

Si -- 10 8 4 4 4 x x -- 10 8 4 4 4 x x 

WBC 

Mg -- 5 5 5 4 5 x x -- 5 5 5 5 5 x x 

Na -- -- -- -- -- -- x x -- -- -- -- -- -- x x 

pH -- -- -- -- -- 6 6 6 -- -- -- -- -- 6 6 6 

Salt 

DO  10 5 3 3 3 3 x x 10 5 3 3 3 3 x x 

Fe -- -- -- -- 2 -- x x -- -- -- 8 -- -- x x 

K -- -- -- -- 20 20 x x -- -- -- -- 11 11 x x 

Average Years to 
Detection 32.2 25.6 25.1 21 15.4 16 6 6 32.2 25.6 22.3 18 18.2 15 6 6 
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Table C3 (continued) 
 

Annual 
Step 

Trend Length Last 10 years 

Percent Change 5 10 20 30 40 50 75 90 

MOGO 

Mg -- -- -- -- -- 9 x x 

Cl -- -- -- -- -- 10 x x 

Si -- -- 10 9 9 9 x x 

WBC 

Mg -- -- -- 9 9 9 x x 

Na -- -- -- 8 8 3 x x 

pH -- -- -- -- 9 8 2 2 

Salt 

DO  9 4 2 2 2 2 x x 

Fe -- -- -- -- -- -- x x 

K -- -- -- -- 7 7 x x 

Average Years to Detection 32.1 31.6 28.6 22.6 16.6 10.2 2 2 
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Table C4: Linear Change Using Monthly Data 
 

Monthly 
Linear 

Trend Length 5 years 10 years 

Percent Change 1% 2% 5% 10% 20% 1% 2% 5% 10% 20% 

MOGO 

Mg -- -- -- -- -- -- -- 9 7 6 

Cl -- -- -- -- -- -- -- -- -- 8 

Si -- -- -- -- 4 -- 9 7 5 5 

Salt 

DO  -- -- -- -- -- -- 9 7 6 5 

Fe -- -- -- -- -- -- -- -- -- -- 

K -- -- -- 5 3 -- 7 5 4 4 

Average Years to Detection 35 35 35 30 24.5 35 21.7 16.3 15.3 10.5 

 

Monthly 
Linear 

Trend Length 15 years 20 years 

Percent Change 1% 2% 5% 10% 20% 1% 2% 5% 10% 20% 

MOGO 

Mg -- 14 9 7 6 -- 14 8 6 4 

Cl -- -- 14 9 7 -- -- 12 7 4 

Si 13 10 8 7 6 13 9 6 4 4 

Salt 

DO  13 10 5 4 4 9 7 5 4 4 

Fe 15 13 10 5 4 18 10 6 4 4 

K 9 8 7 6 5 12 9 7 5 5 

Average Years to Detection 20 15 8.8 6.3 5.3 20.3 14 7.3 5 4.2 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection. 
 
 

 8
4 



 

Table C5: Linear Change Using Quarterly Data 

Quarterly 
Linear 

Trend Length 5 years 10 years 

Percent Change 1% 2% 5% 10% 20% 30% 1% 2% 5% 10% 20% 30% 

MOGO 

Mg -- -- -- -- -- x -- -- -- 9 7 x 

Cl -- -- -- -- -- x -- -- -- 10 6 x 

Si -- -- -- -- -- x -- -- 8 7 7 x 

WBC 

Mg -- -- -- -- -- x -- -- -- 7 5 x 

Na -- -- -- -- -- x -- -- 10 7 6 x 

pH -- -- -- -- -- 4 -- -- 10 6 4 4 

Salt 

DO  -- -- -- -- -- x -- -- -- 10 8 x 

Fe -- -- -- -- -- x -- -- -- -- -- x 

K -- 5 2 3 3 x 8 4 3 3 3 x 

Average Years to Detection 35 31.7 31.3 31.4 31.4 4 32 31.6 22.9 10.4 9 4 

 

Quarterly 
Linear 

Trend Length 15 years 20 years 

Percent Change 1% 2% 5% 10% 20% 30% 1% 2% 5% 10% 20% 30% 

MOGO 

Mg -- -- 13 10 7 x -- -- 13 8 6 x 

Cl -- -- 15 10 9 x -- -- 17 9 6 x 

Si -- 13 10 8 8 x 18 14 7 5 5 x 

WBC 

Mg -- 15 3 2 1 x -- 7 4 4 4 x 

Na -- 14 6 3 2 x -- 8 5 4 4 x 

pH -- -- 7 6 6 5 -- 12 10 6 3 3 

Salt 

DO  -- 15 7 5 5 x 18 10 6 5 5 x 

Fe 15 13 6 4 3 x 18 6 5 4 3 x 

K 7 5 3 3 3 x 8 6 4 3 3 x 

Average Years to Detection 29.7 20 7.8 5.7 4.9 5 26.3 14.8 7.9 5.3 4.3 3 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection. 8
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Table C6: Linear Change Using Annual Data 

Annual 
Linear 

Trend Length 5 years 10 years 

Percent Change 1% 2% 5% 10% 20% 30% 1% 2% 5% 10% 20% 30% 

MOGO 

Mg -- -- -- -- -- x -- -- -- 9 9 x 

Cl -- -- -- -- -- x -- -- -- -- -- x 

Si -- -- -- 5 5 x -- 10 9 6 6 x 

WBC 

Mg -- -- -- -- -- x -- -- - 10 9 x 

Na -- -- -- -- 5 x -- -- 10 10 9 x 

pH -- -- -- -- -- -- -- -- -- -- -- -- 

Salt 

DO  -- -- -- -- -- x -- -- 7 7 6 x 

Fe -- -- -- -- -- x -- -- -- -- -- x 

K -- -- -- -- -- x -- -- -- 8 6 x 

Average Years to Detection 35 35 35 31.7 28.3 35 35 32.2 25.1 17.2 16.7 35 

 

Annual 
Linear 

Trend Length 15 years 20 years 

Percent Change 1% 2% 5% 10% 20% 30% 1% 2% 5% 10% 20% 30% 

MOGO 

Mg -- -- 10 10 6 x -- 15 11 7 4 x 

Cl -- -- -- 11 7 x -- -- 20 11 4 x 

Si 14 10 7 6 6 x 12 10 7 4 4 x 

WBC 

Mg -- -- 13 7 8 x -- -- 12 12 13 x 

Na -- 15 13 6 5 x -- 18 11 11 13 x 

pH -- -- -- 15 13 7 -- -- -- 13 10 8 

Salt 

DO  -- 12 10 8 8 x 16 12 8 5 4 x 

Fe -- -- -- 13 12 x -- -- 18 16 8 x 

K -- -- 11 9 8 x -- 17 11 8 6 x 

Average Years to Detection 32.7 27.4 18.8 9.4 8.1 7 30.3 23.6 14.8 9.7 7.3 8 

-- Indicates no trend detected.  A value of 35 years was used in the calculation of average years to detection.
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Matlab Codes written by Jeff Burkey:  

Mann-Kendall Tau-b with Sen's Method (Enhanced): 
http://www.mathworks.com/matlabcentral/fileexchange/11190  

Seasonal Kendall Test with Slope for Serial Dependent Data: 
http://www.mathworks.com/matlabcentral/fileexchange/22389 
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