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ABSTRACT 

The scores or metrics from psychological measures are rarely interpretable. 

Uninterpretable metrics result in poorty understood psychological research 

findings. In response to this problem, several methods are proposed that render 

metrics more meaningful. The methods employed are calibration procedures. 

Three calibration procedures are illustrated that prove to be extremely powerful 

in making the metrics of two related measures more understandable. 

Establishing the behavioral implications of the scores, computing just noticeable 

differences, and calibrating between measures are the three procedures 

described and illustrated. For the purposes of illustration, two measures of 

Attention Deficit Hyperactivity Disorder (ADHD) are used in the calibration 

procedures. These two measures are often used interchangeably without regard 

to their relationship with one another. The three procedures and the results of 

each are discussed in detail. 
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INTRODUCTION 

Most of the measures used in psychology yield scores that are scarcely 

interpretable in any direct and dependable way (Sechrest, McKnight, and 

McKnight 1996). The problem may be described as a failure of calibration of 

measures. This paper will report on attempts to calibrate two measures 

frequently used in evaluating children with attention deficit hyperactivity disorder 

(ADHD). Although these measures are of interest in their own right, the principal 

aim of this paper will be to illustrate the methods involved in calibrating 

measures and the advantages of doing so. Three approaches to calibration will 

be discussed and illustrated by empirical analyses. 

Despite the advances in psychological measurement over the past 20 

years, the metrics of psychological measures remain difficult to interpret. Simply 

put, the numbers resulting from our measures lack face validity. Understanding 

the individual metric values and the changes in these metrics is essential to 

understanding the results of psychological research. Owing to the difficulty of 

interpreting these metrics, the worth of many psychological interventions 

remains uncertain at best Researchers typically resort to accepting almost any 

statistically significant findings as important or meaningful Instead of determining 

their importance from the actual values of the metric. Psychologists rely on 

inferential statistics to inform them of meaningful change because the metrics of 

the measures are not in units that are readily understandable even to Informed 
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audiences. The following discussion illustrates the problems of interpreting 

common psychological metrics and illustrates several calibration methods that 

aim to clarify the meaning of individual metric values arKi changes in these 

metrics. Improvement in the understanding and interpretations of measures in 

psychology could be of very great value in assessing intervention effects 

whether from past or in the present or future. 

Metrics 

The unfamiliar term 'metric  ̂requires a brief explanation before going 

further. A metaic is a number that lies on a continuum or scale and that is 

derived in such a way that it may be taken to represent a level of the quality 

being measured. For example, the Beck Depression Inventory (Beck and Steer, 

1987), when scored property, generates a number between 0 and 63. Higher 

scores represent greater depression severity. The BDI depression metilc, 

therefore, is a number on this continuum and it is meant to represent a person's 

level of depression. Metrics are generated by a scoring algorithm specific to a 

given measure. The BDI uses an additive algorithm, generating total scores by 

summing the item scores. Many psychological measures have metilcs derived 

in this additive fashion. 

Clarifying CalilNVtion 

Any method used to render a mettle more interpretable is called a 

calibration procedure. When researchers in the physical sdences refer to 

calibrating their measures or instruments they almost certainly mean that they 



10 

wish to after the instrument so as to minimize the deviation of the obtained value 

from the true value. For example, a physidst calibrates a scale by weighing a 

known mass and adjusting the scale so that the reading reflects the magnitude 

of the known mass. Therefore, wtien no weight is on the scale, it ought to read 

zero pounds and when one pound is placed on the scale it ought to read one 

pound. The scale is considered (properly) calibrated only when its 

measurement reflects the magnitude of the known mass. Similarly to physics, 

the dedsion research field refers to calibration as the assodation tietween a 

person's confidence level and his or her accuracy (Lichtenstein, Fischhoff, and 

Phillips, 1982). The goal in dedsion research is to decrease the discrepancy 

between one's confidence and one's true ability. Both of these methods of 

calibration focus on decreasing the measurement error. 

The calibration procedures to be discussed in this paper do not resemble 

the tuning of either an individual's perceptions or a measure's output to a pre-

specified standard in order to decrease the measurement error or bias. Instead, 

these methods of calibration focus exdusively on darifying the meaning of the 

gradations on a measurement instrument 

The Meaning of a Metric 

A metric should communicate meaning in three distinct ways (Torgerson, 

1958). First, metrics should communicate ordinal relationships. The scores on 

a measure should give some indication of order of whatever is supposed to be 

represented by the scores-things, qualities, events, etc.. For example, the 
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Mohs hardness scale (Klein, 1974) ranks minerals in order from softest (talc -1) 

to hardest (diamonds = 10). A mineral with a score higher than 1 can scratch 

the surface of all the minerals with lesser scores. Therefore, talc cannot scratch 

the surface of any mineral since it Is the lowest on the scale, while diamonds can 

scratch the surface of all other minerals. Since the Mohs scale of hardness is 

simply an ordinal scale, it does not communicate any information beyond the 

order of hardness relative to other minerals. 

Second, a metric should fadlitate the communication to a useful degree 

the distances between scores. A score of 100 points on the WAIS-R (Wechsler, 

1981) intelligence test is 5IQ points higher than a score of 95 points. The 

points on the scale are assumed to be equal in relation to the person's 

intelligence, therefore, a change of 5 points from any score should reflect the 

same amount of change in the measured construct In contrast, 5 point changes 

from any value on the Mohs scale are not necessarily equal in hardness change. 

The distance between the scores on the WAIS-R are interpretable whereas the 

distance between scores on the Mohs scale are uninterpretable. 

Finally, and most importantly, the metric should fadlitate the 

communication of relevant infonnation about the measured attribute. For 

example, a score of 20 on the Hamilton Anxiety Scale (HAM-A) (Riskind, Beck, 

Brown, and Steer, 1987) should communicate something useful about the 

person's absolute level of anxiety, such as the degree of impairment due to 

anxiety. The score of 20 has greater utility when it communicates Information In 
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addition to its relative position to ottier points on the metric. This additional 

information would t)e most useful if it related the score to observable phenomena 

or real life events. For example, a HAM-A score of 20 should communicate to 

the clinidan the severity of a clients anxiety in such a way that the clinician 

could infer his or her debilitation due to anxiety. 

Understanding Metrics 

Just as a metric should communicate information, the interpreter needs to 

possess some capabilities to understand what the metric communicates. If a 

metric is to be well understood, the interpreter needs to understand the 

individual values within the metric, the magnitude of important differences 

between values, and the equivalent values on similar metrics. These criteria 

define a well calibrated metric. An example of a well calibrated metric is the 

Fahrenheit scale. Temperatures between -30 and 130 degrees Fahrenheit are 

generally within human experience and are probably understood by most 

Americans. For example, people probably assodate a temperature of 50 

degrees with particular dothing, activities, and bodily sensations. Additionally, 

most people understand what constitutes a meaningful change in the Fahrenheit 

scale. A three degree ambient temperature change is usually neither meaningful 

nor noticeable, but the same change in body temperature is important in all 

respects. Most people understand that the importance of temperature change is 

detenmined by the magnitude, direction, and origin of change. For example a 

decrease in temperature by 10 degrees from 35 degrees results in freezing 
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conditions, whereas the same change in the positive direction has relatively 

limited implications for weather conditions. Finally, temperature may sometimes 

be reported in an unfamiliar metric (e.g., degrees Celsius). In those cases, 

people accustomed to Fahrenheit scale convert the Celsius temperature into the 

corresponding Fahrenheit temperature. Fahrenheit, therefore, Is a metric that is 

understood in absolute and relative terms and is convertible to other metrics of 

temperature, and therefore well calibrated. 

Poorly Understood Metrics 

Very few psychological metrics are as well calibrated as the Fahrenheit 

scale. The understanding that psychologists have of their measures is probably 

adequate at extreme values, but these scores are fairiy uncommon. For 

example, a score of 0 on any depression, anxiety, eating disorder, or attention 

deficit scale means that at most negligible traces of the problem exist in the 

person. Conversely, scores on the extreme high end of the metric usually mean 

extreme or pervasive problems with the person. Most scores, however, are from 

the center of the relevant distribution, and these scores are not ?s easy to 

interpret as extreme scores. 

Psychological measures are somewhat analogous to the oil dip stick, a 

measure whose extreme values are interpretable but for which mid-range values 

are difficult to interpret The oil level of an engine is measured by comparing the 

level of residual oil on the dip stick to the level of an etched line on the dip stick. 

When the residual oil is at the same level as the etched line, the engine's oil 



14 

level is acceptable. If no residual oil remains on the dip stick then the engine is 

empty of oil. Both of these conditions are easy to interpret and act upon. 

However, when the residual oil lies somewhere between the tip of the stick and 

the etched line, the oil level is more than empty and less than full but by how 

much is uncertain. Mechanics treat oil levels of 1 mm and 5 mm below the line 

similarly, regardless of the fact that a measure 1 mm below the line Is probably 

no different from being full. 

Psychological Metrics 

Many psychological measures involve metrics that are as difficult to 

interpret as the dip stick metric. Similariy to the dip stick's etched line, a cutoff T 

score of 70 on the Minnesota Multiphasic Personality Inventory (MMPI) (Butcher 

and Graham, 1994) differentiates between 'clinically significanf and non-

significant psychiatric symptomatology. For example, clinidans consider scores 

above 70 on the depression subscale as an indicator of clinically significant 

depressive symptomatology, wtiereas individual scores be\cw 70 are generally 

not regarded as clinically important Additionally, a change from 55 to 60 does 

not mean much to most psychologists since both scores are still below the cutoff 

value. Scores bordering the cutoff score serve as good examples of the 

uninterpretability of the metric of many psychological measures. It is unlikely 

that scores of 69 and 71 are meaningfully different, but these two scores may be 

treated quite differently when MMPI results are interpreted. 
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Similariy to the MMPI, the Beck Depression Inventory (BDi) uses the 

score of 20 to diffiBrentiate between clinical and sub-clinical depression. If a 

person scores 15 on the BDI, he or she is considered to be (at worst) sub-

clinically depressed. As with the MMPI, any changes in the BDI that do not 

result in crossing the threshold of 20 are difficult to interpret 

Limits to Intuitive Understanding of Our Metrics 

The most common input to any effective calibration of psychological 

measures at present is probably simple exposure. That is, users of 

psychological measures, whether they are clinidans or researchers, come to 

whatever understanding of the metrics of the measures, i.e., their calibration, 

primarily by simply being exposed repeatedly to values obtained from 

applications of the measures. Clinidans come to understand what represents an 

unusual number of responses on a certain type of test, or an unusual score, by 

seeing more arnj more results firom applications of the instrument Researchers 

probably do the same. Note, however, that wfiatever calibration is achieved is 

largely in terms of the relative frequency of observed scores, not in terms of any 

inherent implications or meaning: a high score on an instrument is interesting 

simply because it is unusual in the sample or population involved. Test norms, 

i.e., statistical reports of relative frequendes of scores, also a common attempt 

at calibration, are simply the result of substitution of vicarious for personal 

experience (or exposure). 
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People come to understand metncs by being exposed to a metric's values 

and the pherxxnena assodated with them. A mechanic may eventually 

understand how much oil is necessary to fill the engine based on the dip stick 

metric. Similariy, psychologists may gain an understanding of certain metrics by 

working with the measure extensively in practice. The exposure to both the 

metric and the client's assodated behaviors or appearance enhances the 

psychologists understanding of the metric. 

Since understanding a metric is based In part on exposure, one would not 

expect many people to have an understanding of particular values of a metric 

that are rare or unfamiliar. For example, temperatures of 90 degrees below zero 

are infrequent and regional, and very few people will have been exposed to this 

range on the temperature scale. Although a metric may be well understood, that 

understanding does not ensure that all values are equally understood. United 

States dollars are one of the best understood metrics by Americans, and yet very 

few people have an appredation for what is represented by the idea of one 

trillion dollars other than understanding that it is an incredibly large sum of 

money. 

Additionally, the nature and extent of each person's exposure will be 

different and thus produce varying interpretations of the same metric. One 

psychologist's understanding of the BDI metric may differ from that of another 

psychologist based on their respective exposures. A psychologist may not be 

exposed to a suffident range of values along a metric, resulting in a restriction of 
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understanding. A possible example is provided by the apparent inclination of 

clinidans to discern psychopathology wherever they look (e.g., xxxx). If 

psychologist have not been exposed to the full range of values seen in "normal" 

populations, they may misinterpret observations they do make. 

Finally, to understand the full range of a metric by exposure, it is likely 

that an observer must invest considerable time. The time invested In exposure 

to many instances of every value on the scale is essential for building a sound 

understanding of the metric. Simple exposure, therefore, requires each 

interested person to devote a great deal of time repeating the work of others - an 

ineffident procedure at best. Therefore, understanding metrics based solely on 

exposure can be both ineffident with respect to time and quite variable between 

observers. 

Alternative Calibraticn Methods 

If, as i believe, simple exposure is a problematic - unreliable and 

ineffident — calibration procedure, other methods are necessary to improve our 

current ability to interpret psychological metrics. Both quantitative and 

qualitative calibration methods (see Sechrest, McKhight, and McKnight, 1996) 

can be useful, but qualitative methods tend to be foiriy unsystematic and as 

undependable as simple exposure. Alternatively, quantitative methods are 

empirically driven, systematically implemented, theoretically meaningful, and 

easily performed and interpreted. Quantitative metfnxls indude three 

procedures: empirically establishing behavioral implications, calculating just 
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noticeable diffisrences, and calibrating measures against each other. These 

methods, if properly implemented, should result in highly useful calibration of 

measures. 

Quantitative Metiiods of Calibrating Measures 

Quantitative methods for making our metrics more interpretable were first 

suggested by Sechrest and Yeaton (1981). They suggested that researchers 

may better understand experimental effects if they understood the behavioral 

implications of their measures and established the magnitude of change 

necessary to be noticeable. Since Sechrest and Yeaton's article, only Ozer 

(1993) has showed any awareness of or application of these methods. The 

following calibration procedures are extensions of the work by Sechrest and 

Yeaton (1981) and Ozer (1993). 

Empirically Estalilishing Behavioral implications 

The method of making metrics interpretable based on their t>ehavioral 

implications was first introduced by Wolfe (1978). He argued that the metrics of 

the measures used in behavioral research were uninterpretable and therefore 

the metric should be related to some common behaviors. Consistent with 

Wolfe's notion, the process of empirically establishing behavioral implications of 

psychological meblcs consists of calculating the relationships between values 

on the scale and behaviors understood and assodated with the measure. For 

example, it should be quite evident that the behavioral implications of varying 

temperatures are well understood. We know with some certainty the likelihood 
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that a person will be wearing a sweater when the temperature is 90,80. or 70 

degrees Fahrenheit In psychology, we rarely have a notion of how likely it is a 

person can work productively or perform any routine daily activity given a score 

of 30,20, or 10 points on any particular measure of psychopathology. By 

gauging the likelihood of partidpating in routine activities, researchers may gain 

a better or dearer understanding of the importance of the numbers resulting 

fi'om their measurements. In addition, individual scores on a metric may not 

even relate to the problem being measured. For example, few, if any 

psychologists can interpret the metric of a personality disorder measure and 

have a dear notion of the likelihood of any specific, related behavior. Therefore, 

systematically and empirically computing the relationship between metrics and 

behaviors ought to enhance our ability to interpret the metilcs. 

Efforts to relate metrics to behaviors by using correlations between a 

measure's score and observed behaviors do not communicate an intuitively 

obvious relationship between the measure and the behavior. For eî mple, if a 

measure's metric and an overt behavior correlate 0.5, then it requires one 

standard deviation of change in the measure to see one half a standard 

deviation change in ttie behavior (arKJ, symmetrically, one full standard deviation 

of difference in a behavior will be assodated with only a half standard deviation 

difference on the psychological instrument). Unless we know something at)out 

the dispersion of both the measure and the t>ehavior, we are no more 
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knowledgeable about the relationship betMveen the metric and the behavior, or 

the importance of the changes in the metric. 

Method of Just Noticeable DifliBrances 

Another method for calibrating measures is to determine the minimum 

differences in the metric that are reflected in differences in behavior that are just 

noticeable by ot)servers. Just noticeable differences (JNO's) were first 

Introduced in psychology by Thurstone in 1927 in relation to the law of 

comparative judgments. Thurstone's (1927a. 1927b) methods of calculating 

JND's used psychophysical experimental procedures rarely found in most 

current research endeavors in psychology. Fortunately, Ozer (1993) extended 

Thurstone's JND methodology to personality measurements, exposing all 

psychological researchers to these procedures in an effort to increase their 

usage. 

The idea behind JND's is that, at some point, there exists a difference in 

the strength or magnitude of some stimulus that is noticeably different by the 

majority of observers. Since two stimuli have a 50% chance of being rated 

higher or lower than one another, the usual criterion of majority is one half the 

distance between chance and certainty, or 75% agreement For example, if two 

people were judged comparatively on 'depression' by many different 

experienced ciinidans, at some magnitude of difference between the two people, 

the judges would agree on the ordinal relationship (i.e., ranking one of them 

more depressed than the other). The differences t)etween levels of depression 
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scores at which 75% of the judges agree on the ordinal relationship is the JND 

for depression. 

In psychology, the possibilities for applying the methodology of JND 

studies are extensive. For example, videotapes of depressed people before and 

after treatment could be rated by expert judges. At some level of improvement, 

75% of the judges would be likely to agree that the person in question appeared 

better off. One study (Gardner, Morrell. Watson, and Sandoval, 1989) 

illustrating the point found that when people gain or lose about 7% of their body-

size, that change becomes a just noticeable diffierence. Therefore, to achieve a 

noticeable difference in body-size, a person must lose a substantial amount of 

girth to be noticeably smaller. For example a 6 foot tall person measuring 40 

inches at his widest part would need to lose almost 3 inches in width for others 

to readily notice the change\ 

By understanding what constitutes a noticeable change, psychologists will 

be more able to determine changes due to treatment that are more apparent 

and, perhaps more meaningful. A change may be noticeable but not very 

important For example, a man who wishes to quit smoking may decrease his 

consumption firom 3 packs to two packs per day, surely a rKiticeable difference in 

amount of smoking but perhaps not a suffident decrease to be clinically critical. 

It may not be the case that noticeable dtffisrences are necessarily meaningful, 

 ̂ The calculation is t>ased on the function of height and weight where height is 
presumed to remain constant. 
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but the JND could constitute a heuristic for acceptable change due to a 

treatment Additionally, the JND is certainly an improvement over traditional, 

that is to say, casual, determinations of what are to be regarded as meaningful 

differences. 

Calibrating Measures Against Each Other 

The prolifBration of measures in psychology is astounding. In fact, 

according to Buro's Mental Measurements Yearbook (Kramer and Conoley, 

1992), psychologists create almost 100 measures every year in personality 

alone. Many measures are rarely used and therefore never offer psychologists 

the opportunity to understand their metrics through exposure. Additionally, 

psychologists prefer certain measures over others for a variety of reasons such 

as cost, ease of administration, or ease of scoring. Unless psychologists 

regulariy use all available measures for a particular construct, they will never 

know how scores on different measures correspond. If an algorithm existed to 

convert scores firom one measure to another measure, then psychologists could 

estimate corresponding scores on any similar measure or understand scores on 

a seldom used measure by converting the scores to a familiar metric. 

Current efforts to relate measures are inadequate for a useful system for 

converting one metric into another. The most frequent format used to express 

the relationship between two measures is a bivariate correlation. Statistics such 

as the correlation coeffident do not greatly improve our understanding of the 

relationship between two metrics; correlations simply indicate the magnitude of 
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the relationship between the metrics. For example, the correlation between a 

mile and a kilometer is exactly unity (1.0). thus indicating that these two metrics 

are perfectly related. The correlation does not tell us, however, the method 

needed to convert the mile to the kilometer. 

Physical measurements and mental measurements differ in conversion 

since the former are more apt to be 'tightly" calibrated (Sechrest, McKnight, and 

McKnight, 1996), that is most physical measurements of the same qualities are 

perfectly, or at least very highly correlated. Therefore the conversion of one 

measure will exactly equal the magnitude of the property measured by the other 

measure. For example, inches are perfectly correlated with centimeters, and 

what constitutes 1 inch (almost) exactly equals 2.54 centimeters. However, 

psychological measures usually correlate somewhere in the range between .3 to 

.5. If measure X for depression only correlates 0.5 with measure Y for 

depression, then they share only 25% common variance and thus cannot be 

measuring the same entity entirely. Therefore, the conversion from measure X 

to measure Y will be a "loose" calibration, resulting in a converted metric with 

some, often considerable, error. Regardless of the error carried over In the 

conversion, being able to convert one metric into another should be a fruitful 

venture after having developed an understanding for the metrics one wishes to 

convert. 

The statistics required for creating conversion algorithms consist of 

simple regression parameters; specifically the unstandardized slope and 
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intercept The regression parameters are suffident to permit a calibration of two 

measures In terms of each other, i.e., assuming a linear relationship. Several 

researchers (e.g., Zachary and Gorsuch, 1985; Zachary, Paulson, and Gorsuch, 

1985; Crane, Allgood, Larson, and Griffin, 1990) developed algorithms to 

convert the scores of one measure to the scores of another related measure by 

using these methods. Craik (1986) has discussed at length the importance of 

relating any new measure to already existing measures to slow down the 

proliferation of 'new* measures that are simply relabelings of old measures and 

to stem the rising tide of uninterpretable measures. 

Purpose of the Study 

The aim of this study is to illustrate the three quantitative calibration 

procedures (empirically establishing behavioral implications, method of just 

noticeable differences, and calibrating measures against each other) by 

examining two measures used in the study of attention deficit hyperactivity 

disorder (ADHD), a problem of growing interest The measures used for 

assessing the severity of a child's overactivity are well suited for this analysis 

since the behaviors elicited by the children are easily observable. Despite the 

ease of identifying these behaviors, the resultant metrics are still somewhat 

uninterpretable in regard to t)ehavioral implications of the scores and minimum 

changes in the metric to be noticeable. Additionally, several measures are used 

interchangeably without regard to their relationship. 
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The results of the calibration procedures should have several useful 

results. First, the values of the metrics should be more interpretable once the 

behavioral implications for scores at different levels of the trait are known. 

Second, calibration in terms of noticeable differences would provide another 

basis for interpreting scores on the measures. Finally, because measures are 

so often used interchangeably, calibration between the measures should result 

in algorithms that enable researchers or clinidans to convert a score from one 

measure to a score on another measure. 
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METHODS 

Subjects / Data 

The two datasets used in this study were from the AOHD clinic at the 

Western Psychiatric Institute and Clinic (WPIC). The first dataset, from an 

ADHD drug comparison study conducted at WPIC (Pelham, Carison, Sams. 

Vallano, Dixon, and Hoza, 1993). contained datafirom 136 youths each receiving 

24 different week-long treatments. The combination of multiple judges and 

multiple measurements made this dataset particulariy useful for illustrating two 

calibration procedures: establishing t)ehavioral implications of a measure's 

scores and computing just noticeable differences. 

The second data set came from the WPIC summer ti'eatment program 

(STP) (Pelham and Hoza, 1996). Data were collected on 320 youths 

participating in ADHD summer ti'eatment programs between the years of 1991 

and 1994. Each year, tiie youths attended the 8 week STP - a program 

designed to treat ADHD with a combined behavioral and pharmacological 

ti'eatment protocol. The STP staff collected both teacher's and parent's ratings 

on the youths' behavior and performance in the program. This dataset was used 

for calibrating measures against each other. 

Youttis in both datasets met DSM-lil-R criteria for ADHD and were judged 

to be suitable for an outpatient tieatinent program. The sut̂ ects represent a 

wide range of ADHD severity (see Table 1 and Table 2 for subjects' summary 

statistics). 



27 

Measures 

Standardizsd Observatfofial Measures 

The calibration procedures in this study use two common measures in 

child clinical psychology, the Inattention Overactivrfy with Aggression (IOWA) 

Conners Rating Scale (Loney and Milich, 1982; Pelham, Milich, Murphy, and 

Murphy, 1989), the Disruptive Behavior Disorders scale (DBD) (Pelham, Gnagy, 

Greensiade, and Milich, 1992). Both measures reflect the severity of inattention, 

hyperactivity, oppositional-defiant behavior, and conduct disorder in children. 

Raters such as teachers, parents, or counselors complete these behavioral 

measures for each child after observing the child's behavior. The IOWA 

Conners and the DBD are often used interchangeably in the literature and 

therefore serve as good examples for efforts directed toward calibration. 

The IOWA Conners consists of two five-item subscales that assess 

Inattention/Overactivity (10) and Oppositlonal-defiant behaviors (OD). The items 

are rated on 4-point Likert-type scales ranging from 0 (not at all) to 3 (very 

much). The ̂ M0 subscale scores are computed by summing the item scores; 

thus, scores can range from 0 to 15 points for each subscale. In some cases, 

several counselors completed the IOWA Conners for the same youth. In those 

cases, the scores on the subscales were averaged, thereby creating a metric 

that maintains the range between 0 and 15 but permitting digits to the right of the 

decimal point (e.g., 12.25). Reliability estimates for the IOWA Conners range 

from moderate to high (test-retest range = .33 to .91, interrater range = .23 to 
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.94, and internal consistency range = .61 to .95) (Burros, 1992). The original 

developers of the instrument (Loney and Mllich, 1982) reported test-retest 

reliability estimates of 0.89 and 0.86 for the 10 and 00 subscales, respectively. 

A more recent study (Pelham, Milich, Murphy, and Murphy, 1989) estimated 

alpha at .89 and .92 for the 10 and 00 subscales, respectively. 

The DBD is a 36 item rating scale based on the DSM-III-R criteria for 

Attention-Deficit Hyperactivify Disorder (ADHD), Oppositional-defiant disorder 

(ODD), and Conduct Disorder (CD). The ADIHD, ODD, CD subscales consists of 

14, 9, and 13 items, respectively. Each item is rated on a 4-point Likert scale 

ranging from 0 (not at all) to 3 (very much). Scores on the DBD are computed by 

averaging the responses to items for each subscale. Therefore, scores on the 

subscales range between 0 and 3. Similar to the IOWA Conners, reliability 

estimates (Cronbach's alpha) for the DBD are quite high: 0.96, 0.95, and 0.75 for 

the ADHD, ODD, and CD subscales, respectively (Pelham et al., 1992). 

Behavioral Measures 

Calibration methods for empirically establishing behavioral implications 

require measurements, counts, or fî uendes of behaviors germane to the 

standardized measure of interest Complementing the standardized measures 

used in this study are multiple teacher or counselor ot)servations of the youth's 

behaviors recorded either houriy or daily. Estimates of inter-rater reliability for 

these behavioral measures range from .65 to .99 with median inter-rater 

reliability ranging between .81 and .85 (Pelham and Hoza, 1987). The 
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behavioral measures are listed in Table 3. Nine behaviors were counted hourly; 

and ten behaviors were counted daily. 

Rating scales 

Normative ratings (Pelham and Hoza, 1996) of relevant ADHD behaviors 

were used along with the IOWA Conners ratings for the purposes of detecting 

judge agreement for the JND analyses. The ratings consisted of three 7-point 

Likert scale items asking the teachers and counselors to rate the youths on their 

peer relationships (PEER), adult relationships (ADULT), and the pleasantness of 

interacting with the youth (PLEAS). The scores ranged from 1 ("Not at all like a 

normal child") to 7 ("Like a normal child"). These rating scales were completed 

at roughly the same time as the IOWA Conners ratings to ensure that the raters 

were rating from an equivalent sample of behaviors. Pelham el al. (1996) 

initially used these ratings as a measure of the sodal validity of the treatment 

effects; however, for the purposes of this study, they serve as the judge ratings 

for the JND analysis. 
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ANALYSES. RESULTS AND DISCUSSION 

In recognition of the complexity of the results, a brief discussion follows 

the methods and results section for each calibration procedure. A general 

discussion following these results addresses all three procedures and the 

implications of these results. 

The objective of this research is to calibrate two measures by using the 

three quantitative methods (i.e., empirically establishing behavioral implications, 

computing just noticeable differences, and calibrating measures against each 

other). These calibration methods involve three different analytical procedures 

and make use of different data and statistics to clarify the meaning of the 

metrics. As mentioned previously, each method addresses a different aspect of 

calibration of measures. 

Empirically Establisliing Behavioral Implications 

Analyses 

Regression analyses were used to estimate the implications of scores for 

a given behavior. All regressions for this method used one of the IOWA 

Conners' subscale scores as the independent variable and the one of the 

measured behaviors as the dependent variable. The specific type of regression 

analysis depended upon the nature of the measured behavior. Specifically, if 

the metric of the measured t)ehavior was a continuous variable then a 

hierarchical regression (Type I Sum of Squares) was used to compute the 
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relationship between the score and the behavior (i.e.. PROC REG in SAS). 

Alternatively, if a binary variable represented the presence or absence of the 

behavior (e.g., report cards), then the appropriate regression was a probit 

regression (i.e., PROC PROBIT in SAS) because the probit analysis represents 

the dependent variable in terms of the probability of occurrence, a term that is 

inherently familiar and therefore interpretable to most people. Each of the four 

measured binary t>ehaviors used in these analyses were paired with the two 

subscales and then analyzed first by individual rater and then with all raters 

combined. The analyses specified by rater results from a discrepancy In ratings 

between teachers and counselors (Pelham, 1993; Abikoff, Courtney, Pelham, 

and Koplewicz, 1993, Atkins, Pelham, and Licht, 1989) that may confound the 

relationship t)etween the IOWA Conners and the measured behaviors. 

Hierarchical regression analyses (raters (teachers and counselors) X subscales 

(10 and OD) X behaviors (15)) and probit analyses (raters X subscales X 

Behaviors (4)) resulted in eighty-four calibration equations. The regression 

procedures eliminating the rater as a predictor yielded thirty hierarchical and 

twelve probit regression analyses. 

To ensure that the relationship between the starKJard measure and the 

behavior generalized across all treatment conditions, the treatment and the 

treatment X standardized score interaction were entered after the main effect of 

the IOWA Conners subscale. As mentioned previously, the results of the 

regression analyses are reported as unstandardized regression coefficients 
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because these parameters allow the interpreter to understand the change in the-

dependent variable (behavior) expected from a change in the independent 

variable (measured score). 

According to Cohen (Cohen and Cohen, 1983), one way to evaluate the 

predictive strength of the regression equation is to compute the of the 

regression for the measured Independent variable and the predicted dependent 

variable (see Equation 1). The adjusted R2 for the predicted dependent variable 

was computed for all meaningful regression equations. 

Equation 1: Predicted R-squared 

Two other procedures to test the accuracy of the regression equations for 

predicting the behaviors were used to gauge their effisctiveness and predictive 

validity. For the hierarchical regressions, the residuals were analyzed for both 

the magnitude and distribution of the deviations between the predicted and the 

measured values. Smaller deviations and uniform distributions of the residuals 

indicate a better prediction from the equations. Since the dependent variables in 

the probit analyses were binary, a simple Bayesian analysis was used to 

determine the 'hit rate' for each analysis. Higher hit rates indicate better 

prediction from the equations given the cutoff score computed from the probit 

A 
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analysis (see Kraemer. 1992 for a detailed discussion). Both procedures assess 

the practical use of the regression results to predict the behaviors. 

Results 

The treatment and treatment x measure interaction variables contributed 

little or no additional variance explained, therefore these predictors will not be 

discussed .̂ That is, the relationships between scores and behaviors to be 

predicted were not affected by the treatment condition during which the scores 

were obtained nor by an interaction between treatment and the measure used. 

Actually, any treatment effect would be difficult to explain. Here the results from 

the bivariate regressions are reported owing to their appropriateness and ease 

of explication. Very few of the bivariate regressions between the predictors 

(IOWA Conners subscales) and the dependent variables (measured behaviors) 

accounted for enough variance to merit much discussion. Almost all regression 

analyses produced statistically significant results (p< .05); however, statistical 

significance, for the purposes of this discussion, is irrelevant because of the 

extremely large sample sizes (Noba«wiiBM > 2000 for most analyses). Rather than 

significance levels, adjusted R^s, predictive capacity of the regression 

 ̂In general, the practice of discarding unimportant variables is questionable in 
research. Typical research in psychology, however, aims to test a theory by 
keeping all theoretically relevant variables in the tested model. In contrast, 
calibration effbrts are oriented to estimating the t)est possible parameter 
estimates and including irrelevant variables tends to obscure the parameter 
estimates. 
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equations, and unstandardized regression parameters are reported. The results 

from the regression analyses are listed in Table 4 arKi Table 5. 

Measured behaviors that appeared to relate well with the IOWA Conners 

were daily behaviors of following rules in the classroom and following rules 

during activities. Both sut)scales (10 and 00) produced R^s of roughly  ̂.2 

(Cohen's d »1.0, Cohen, 1988). Additionally, Uiree behaviors (percent of 

attention questions correct, noncompliance to rules or protocols, and 

interruptions) related well with the IOWA Conners OD subscale (adjusted = .2 

for all three). No other measures of behavior related well to the IOWA Conners 

subscales. 

Several predictors, when used separately by rater (counselors and 

teachers), produced surprisingly large adjusted R^s. Moreover, counselor 

ratings tended to t)e more predictive of the measured behaviors than were the 

teachers ratings. Specifically, counselors ratings of oppositi'onal-defiant 

behavior (00) on the IOWA Conners related quite well to houriy counts of 

interruptions (B = 3.34, Intercept = -1.02, adjusted R  ̂= .4, d = 1.6), negative 

verbalizations (B = 5.41, Intercept = -5.37 adjusted R  ̂= .4, d = 1.6), 

noncompliance to rules or protocols (B = .84, Intercept = -.25, adjusted R  ̂= .3), 

 ̂The approximate value is reported in lieu of the reporting the actual computed 
value since the computed value exceeds the numt)er of significant digits of the 
original metric, therefore distorting the predsion and accuracy of the original 
measure. The remaifKler of values reported in this paper conform to these 
standards of reporting significant digits. 
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and percentage of following activity rules (B = -3.69, Intercept = 83.3, adjusted 

= .3). Ratings by counselors of the inattention and overactivity (10) displayed 

by the youths related highly to percentage of time the youths followed activity 

rules (Bs-4.4, Intercept = 90.5, R  ̂= .4) and number of interruptions by the 

youths (B = 3.2, Intercept = -4.5, R  ̂= .3). In contrast, teachers ratings only 

predicted one behavior. Both teachers ratings of OD and 10 related highly to 

percent of time following rules (B = -6.9, Intercept = 92.2, Rm  ̂- .5, and B - -6.1, 

Intercept = 99.8, R.̂  ̂= .5, respectively). The adjusted R^s obtained from the 

above analyses > .3, Cohen's d > 1.3) are greater than what Is generally 

considered to be a large effect size (Cohen, 1988). 

The goodness of frt for the noteworthy regression analyses above is 

reported in terms of the distribution and magnitude of the residuals (the absolute 

value of the difference between the predicted and measured behaviors). The 

residuals for these analyses were, in most cases, extremely large. For example, 

both the teacher's ratings (10 and 00) predicting the percent following rules 

produced residuals greater than 90 points randomly distributed throughout the 

range of scores on the subscales (see Figure 1 and Figure 2). The distribution 

of the residuals indicates that the predictive capadfy of a measure is not related 

to the scores on the measure. Because of the large residuals, however, the 

teacher's IOWA Conners ratings scales may not be the best indicators of likely 

behaviors with this population. 
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According to the residual analyses the counselor ratings on the IOWA 

Conners4>redicted the behaviors better than the teacher's ratings. The residuals 

for these prediction equations were much smaller in magnitude but suffered from 

heteroscedasticity - as the level of the independent variable increased the 

residual dramatically increased (see Figure 3 through Figure 6). In general, the 

residuals are favt\y contained and small, from zero to about the median point on 

the measure. From the median point to the top of the measure's range, the 

residuals increase dramatically. These increasing residuals indicate a poor 

prediction of the behaviors for high scores on the counselor's IOWA Conners 

subscales. 

The twenty-four probit analyses resulted in eight meaningful and useful 

prediction equations between the binary behaviors and the IOWA Conners 

subscales (see Table 6). The analyses specified by rater yielded six well fitting 

prediction equations - four for the OD subscale and two for the 10 subscale (x  ̂p 

> .05). Two of the analyses pooling all of the raters resulted in well-fitted 

prediction equations for the 10 subscale (x  ̂p > .05). The remainder of the 

analyses yielded very poor fitting models with significant Chi-Square fit indices 

(p<.05), indicating a poor fit between the data and the probit model. 

The Bayesian analyses used to assess the predictive validity of these 

probit regression parameters indicate that the predictions from the probit models 

consisterrtly outperformed the base rates of the behaviors. The predictive power 

of a positive test (PVP) for each model is listed for each model in Table 6. The 
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PVP, in every case, was greater than the base rate of the measured behavior, 

indicating that the models outperfbrm the base rate and are preferable to base 

rates when trying to predict the occurrence of these behaviors. 

Discussion 

The results of empirically establishing the behavioral implications 

calibration procedures pose several problems. One problem with trying to 

predict behaviors from measures lies in the lack of relatedness between the 

measure and the behaviors that are related to the measured entity. In this study, 

the behaviors were not strongly related to the measure - but much stronger than 

those relationships usually found in the literature for validity of scales or 

predictive validity. Despite the weakness of the relationships, the strength was 

suffident to produce prediction equations that were helpful in elucidating the 

meaning of the metric for the measure in question. Specifically, a difference 

between kids in scores on the IOWA Conners OD scale of 5 points means that 

one could expect that the lower scoring youth should have at least 16 fewer 

interruptions per hour, 27 fiswer negative vert)alizations, 4.2 fewer acts of 

noncompliance to rules and protocols, and an 18 percent increase in following 

activity rules. Bear in mind that because of the problems in the predictions of 

the behaviors, these estimates are probably only sound for values in the lower 

half of the range. 

In addition to the problem of t>ehaviors not being strongly related to a 

measure, some t}ehaviors have extreme base rates. When behaviors have 
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extreme t>ase rates (i.e., they either almost always occur or almost never occur); 

outperforming the base rate with a measure is almost impossible (Meehi & 

Rosen, 1955). Given the extreme nature of many of the measured behaviors In 

this study, it is not surprising that the base rate was not outperformed. This 

extreme base rate problem is, of course, compounded by the poor relationship 

between the measure and the behavior. 

A remaining conundrum is whether the changes in the behaviors are 

really important changes. The implications of dealing with a child with 16 fewer 

interruptions per hour are not obvious to this author, although the number seems 

as if it might be a lot of difference. Teachers may have an intuitive 

understanding of the implications of these changes. The behavioral implications 

may not always be so evident if the meaning of the change in behavior is not 

well understood. 

Method of Just Noticeable DHfiBrafices 

Analyses 

There are two types of JND's, the agreement JND (see Equations 2 and 

3) and the accuracy JND (see Equation 4). The JND, regardless of the type, 

requires that judges agree at least 75% of the time when judging a common 

object, event, person, or behavior. The agreement JND indicates the difference 

in judges' ratings required for 75% agreement For example, if judges were 

asked to rate subjects' behaviors on a 5 point Likert scale, the agreement JND 

would tell us how many points on the Likert scale subjects would need to differ to 
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be distinguishable. In contrast, the accuracy JND is the difference in scores on 

a criterion measure required for the judges to agree at least 75% of the time. 

Following the previous example, if a standardized measure were also given to 

the subjects being judged, then the accural JND would tell us how many points 

on the standardized measure subjects would need to diffisr to be distinguishable. 

For the purposes of calibration, the accuracy JND is the more interesting and 

appropriate statistic to compute since the accuracy JND expresses the JND in 

the measure's metric rather than the metric of the judge's ratings. 

Equation 2: General equation fdr agreement JND 

The equation relevant to the accuracy JND (see Equations 4 and 5) 

consists of three components (Vi, r •. and p) that can be estimated from 

ordinary summary statistics or computed directly from the existing data. The first 

term, Vi, represents the variance of judgments within sut)jects. To simplify 

Thurstone's (1927a) original indeterminate equation for JND's, the variances of 

Equation 3: Simplified equation for agreement JND 



40 

judgments within subjects are assumed to be equal between all subjects  ̂ The 

second term, r i. represents the average correlation among the subjects' 

ratings by judges. Finally,  ̂represents the strength of the relationship between 

the judges' ratings and the criterion measure. 

Equation 4: Equation for accuracy JND 

Computing Vi 

Variance of judgments within subjects is approximately equal to the 

residual mean square obtained from a Subjects X Judges analysis of variance; 

therefore, the data were organized to be compatible with ANOVA. In classic 

ANOVA studies, the subjects are typically represented by a categorical variable; 

the subjects in this analysis, however, have a wide range of scores on the IOWA 

Conners. In order to convert these scores into a compatible format, the scores 

were recoded into sequential integers. For example, the low score on the 10 

subscale, 0. was recoded to 1 while 14.25, the highest score, was recoded as 

68. Thus, there were 68 unique scores on the 10 subscale fbr this dataset; 

therefore, 68 sut)jects were used in the JND computation fbr the 10 subscale. 

* The assumption that the variances of judgments within subjects are equal 
between all subjects is quite plausible and. In fact, necessary to make 
Thurstone's equations determinate. Ozer (1993) used this assumption when 
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Both the 10 and 00 subscales contained 68 unique scores so that 68 subjects 

were used for these JND computations. Judge diffisrences were controlled by 

standardizing judge ratings in order to simplify the computation of the JND In 

subsequent steps. 

The ANOVA model for these analyses specified the judges' ratings as the 

dependent variable and the subjects (IOWA Conners scores), judges, and 

subjects X judges interaction as the independent variables. The residual tenn 

from this ANOVA procedure produces a good estimate of the variance of judges 

within subjects. 

ComoutinQ r g 

Common summary statistics such as the average Q correlation or 

intraclass correlation approximate the average correlation among judge's ratings 

for each subject These summary statistics, however, are not necessary since 

the judges' ratings were standardized wtien computing Vi in the previous step. 

The standardization of each judge's ratings yields ipsative data (i.e., rating 

distributions have the same mean and standard deviation). According to Ozer 

(1993), the average correlation between subjects, r g, equals -1 /(n-1) for 

ipsative data. The negative correlation between subjects in ipsative data is due 

to the nonindependenoe of ratings within each judge (Ozer, 1993). As n 

increases, however, the average (negative) correlation between subjects 

deriving the equations for computing JND's for personality measures and found 
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decreases. Large sample sizes (unique scores on the metnc of interest) yield 

extremely small average correlations among subjects and. therefore, decrease 

the magnitude of the JND. 

Computlna B 

The final step in computing the JND is estimating 3, the relationship 

between the judge's ratings and the scores on the measure. Beta is estimated 

by computing the standardized regression coefRdent between the ratings and 

the scores on all the subscales. The data from the previous step are already 

formatted properly for estimating p. A simple correlation matrix between judge's 

ratings and the metric of interest produces the values for 3. Once this step was 

completed, each JND was then computed using Equation 4. 

Equation 5: Hnai aquation for accuracy JND 

Since there were two scales on the lOWA/Conners (10 and OD) and three 

judge ratings (Peer relationships, AduK Relationships, and Pleasantness) a total 

of six JND's were computed. JND's were computed using only the counselors' 

IOWA Conners since the teachers' IOWA Conners scores did not relate well to 

Results 

the assumptions to be quite acceptable. 
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the judge's ratings and. as a result, inflated the accuracy JNO's to values 

exceeding the range of the scale. The accuracy JND's computed according to 

the specified procedures are presented in Table 7. Each accuracy JNO was 

slightly less than 2 standard deviations of the scale's metric (ranging from 1.6a 

to 2.0a). Specifically, since the standard deviation of the 10 scale for the sample 

equaled 2.4 points, the estimated JND suggests that a difference of about 4.5 

points is necessary forjudges to reliably detect a difference between kids. The 

second column from the right in Table 7 indicates the change in metric 

necessary forjudges to agree that a difference exists. The magnitude of change 

necessary for judges to reliably report a difference was almost one third of the 

total range of the scale. 

Discussion 

Although one and a half to two standard deviations appears to be rather 

high for a JND, these estimates are in accord with previous estimates of JND's 

for social scientific measures. JND's of roughly 2 standard deviations are 

consistent with the JND for the SAT (Scholastic Aptitude Tests) (Ozer. 1993), 

weight reduction (Gardner et al., 1989), and English oral fluency (Strieker, 

1996). in fact, the present results are somewhat lower than of previous JND 

studies. The lower estimates can probably be explained by the use of multiple 

judges for the counselor IOWA Conners ratings, multiple judges rating the 

behaviors, exceptional training of judges, and continual efforts on the part of the 

researchers to improve the reliability and validity of their measures (Pelham, 
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1993). Many research effbrts fall short of the lofty standards that Pelham and 

his assodates have demanded, therefore, decreasing the quality of 

measurement and potentially increasing the JND estimates. 

Regardless of the magnitude of the JND, these estimates can be helpful 

Immediately. By comparing the change in metric to the estimated JND, 

researchers may have an easier time assessing the importance of research 

results. A 5 point change on the OD subscale is approximately nine-tenths of a 

JND if the youth is rated on peer relationships or pleasantness of interaction and 

greater than one JND if rated on adult relationships. Comparing the difference 

score to the estimated JND gives some indication of the magnitude or 

obviousness of the change. Results firom a previous treatment outcome study 

on ADHD ranged from 2.8 to 4.2 points difference between treatment and non-

treatment groups on the 10 subscale and 1.8 to 3.6 points on the OD subscale 

(Pelhanri et al., 1993). These changes represent between .6 and .9 JND's for the 

10 subscale aruj .3 arnj .6 JND's for the OD subscale. Falling short of one JND 

does not negate the importance of these previous findings. Instead, the JND 

should be used as another standard by which all studies should be judged for 

comparability. Until we understand the magnitude of change that is meaningful, 

the JND can act as a yardstick to gauge the obviousness of change and perhaps 

act as a proxy for meaningflilness. 

Calibrating measures against each other 

Analyses 
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The final calibration procedure is much simpler than the previous methods 

but requires several additional analyses to ensure the soundness of the 

conversion algorithm. The procedure of calibrating measures with each other 

consists of regressing each subscale on the other subscales in the related 

measure. For example, one analysis consists of regressing the 10 subscale of 

the IOWA Conners on the ADHD subscale of the OBD. The relevant results 

from these regression analyses are the unstandardized regression coefficients. 

These coeffia'ents form the basis of the conversion algorithms used in 

transforming the score firom one measure to a score on the other corresponding 

measure. The related subscales on the IOWA Conners and the OBD were 

regressed on each other, and the resultant regression coeffidents were 

recorded. The regression coeffidents were then used to formulate the 

conversion algorithms. 

Before calibrating the measures against each other, however, it seemed 

appropriate to determine the covariation between the measures and the 

proportion of common trait variance shared by both measures to ensure that the 

scales were measuring the same entities. To determine whether the measures 

were measuring the same entities, an MTMM analysis (Campbell and Fiske, 

1959) was run. Additionally, since diffisrent raters (teachers and parents) scored 

the youths behavior on both the IOWA Conners and the DBD, a test for the 

effects of the rater was added to ensure that the conversion algorithms would 

generalize to other methods of measurement. A factor analytic structural 
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equation model (FASEM) of the MTMM conflation matrix was run to confirm the 

existence and prominence of the trait and method variance (Ferketich, 

Figueredo, and Khapp, 1991; Figueredo, Ferketich. and Knapp, 1991). 

In order to ensure that the conversion algorithms accurately predicted the 

true score of one measure from the other, the computed scores were compared 

to the true scores, and a deviation was calculated to test the accuracy of the 

prediction. Ideally the sum of the deviation scores should equal zero. Any 

considerable deviation from zero indicates a biased conversion algorithm. 

Finally, an intraclass correlation was computed between the computed score 

and the true score to give an indication of strength of the relationship between 

the scores and the deviation in absolute values t)etween the scores. 

Results 

The preliminary MTMM analyses produced interesting and, perhaps, 

easily anticipated results. Although the teacher's ratings and the parent's 

ratings showed significant correlations between ratings, the correlations tended 

to be quite small (average correlations < .3). In contrast to the adjusted R2's in 

previous analyses whose magnitude of .4 was considered to be quite large, 

intercorrelations of .3 (equal to about an = .09) for the same rating scales 

completed by diffisrent judges might be considered trivial. These low 

correlations between judges' ratings may indicate a strong method (rater) effect. 

Supporting this contention, the FASEM analysis of the MTMM correlation matrix 

(see Figure 7) modeling the method and trait factors suggests a strong method 
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component and a stfxsng trait component (CFI = .96). The average validity 

coeffidents fbr the two trait factors were roughly .5 for both OD and lO/AOHD. 

The average validity coeffidents for the two method factors were roughly .7 for 

both teacher and parent, respectively. Notice that the validity coefficients for the 

method factor were larger than the validity coeffident fbr the trait factor, 

Indicating that the method accounted for more of the variance in the judge's 

ratings than the assessed trait 

Because of the strong method (rater) influence in the scores, the 

conversion algorithms were first computed by rater (teacher or parent) and 

subscale (10, OD, OBOA, and DBOO) and then by subscale alone. The 

conversion algorithms by rater and subscale are presented in Table 8. The 

range of R^s (X = .6, SD = .11) for the conversion algorithms Is rather 

wide, indicating that the conversion between some of the subscales was quite 

"loose' (Sechrest, McKhight, and McKnight, 1996). 

Regardless of the strong method effects, the conversion algorithms 

produced from procedures of calibrating measures against each other are 

informative and useful. The average adjusted R  ̂fbr all the regression analyses 

was roughly .6, indicating an average correlation (regardless of rater) of 

appro}dmately .75. In addition, regardless of the rater effects, there were no 

major contributions by the raters to the regression analyses. Therefore, the 
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conversion algorithms discussed from this point forward are from the regressions 

using all raters together. 

The relevant conversion algorithms derived from the regression analyses 

are listed in Table 9. The unstandardized regression parameters alone are not 

tembly informative; however, after close inspection, these formulas yield 

important information about the nature of the relationship between the related 

subscales. For example, converting the IOWA Conners OD subscale to the 

DBD 00 subscale requires multiplying the original score by .14 and adding .25 

points. Note that the intercept is .25, indicating that an IOWA Conners score of 

0 is equal to a DBD score of .25 on the OD subscale and for every point on the 

IOWA Conners OD subscale, the DBD OD subscale increases by .14 points. 

Conversely, changing a DBD OD subscale to an IOWA Conners OD subscale 

requires multiplying the original score by 4.97 and subtracting .36 points. 

Following the logic fiom the previous example, a score of 0 on the DBD 00 

subscale yields a score of about .4 points on the IOWA Conners, and every one 

point increase on the DBD OD subscale yields an increase of atxaut 5 points on 

the IOWA Conners OD subscale. 

The errors assoa'ated with these prediction equations are quite modest. 

Infonmation about the residuals for the four prediction equations are listed in the 

last two columns of Table 9. The maximum residuals are 1.8,11.3, 7.3, and 1.7 

points for the dependent variables DBD OD, IOWA Conners OD, IOWA Conners 

10, and DBD ADHD subscales, respectively. Borrowing from the previous 
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calibration procedure and the current calibration procedure, the JND's for the 

OBO scale were computed to aid in the interpretation of the residuals (see Table 

9). Fewer than 4% of the predicted values deviated more than one JND (see 

Figure 8 through Figure 12), and these extreme scores were uniformly 

distributed across the entire range of predicted scores. Both the magnitude and 

the prevalence of the residuals indicate that the conversion algorithms seem to 

be fairiy accurate over the entire range of scores on the scales. 

Discussion 

In many cases a researcher has many measures from which to choose for 

each construct of interest Every measure has its own strengths and 

weaknesses. Without a way of converting scores from one measure into the 

metric of another measure, the researcher may often t)e driven by convenience 

or tradition to select one measure and ignore its potential relationships with 

otherwise useful alternatives. The preferable practice would be for the 

researcher to choose the best available measures but then be able to convert 

their scores to any other desired metrics by using calibration algorithms. In the 

case of this study, the JND was only computed for the IOWA Conners, but since 

the conversion algorithm exists for converting IOWA Conners scores to DBO 

scores, the JND could be computed for the DBD as well. Although the 

conversion was far from perfect, the calibration algorithms represented a "loose" 

calibration that should suffice with the current level of predsion and accuracy in 

psychological measurement 
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The conversion algorithms produced by the regression procedures are 

only helpful when the measures of interest are sound. As discussed previously, 

the qualify of the measurement greatly affects the qualify of the calibration 

results. The MTMM analysis provided suffident information to conclude that the 

rater (or method) was more important in determining the youth's score on the 

measures than the trait being measured. Improved measurement and repeated 

calibration efforts should provide the best calilsration estimates for converting 

scores between measures. 
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GENERAL DISCUSSION 

The results of this study support the notion that calibration procedures 

can be carried out with some success. Each calibration method performed in 

this study contributed unique information that, when combined, form a more 

interpretable metric. Specifically, computing the behavioral implications cf 

scores on a metric relate the metrics scores to specific related behaviors. The 

computation of JND's result in information that proves useful when trying to 

gauge the importance of change. Finally, calibrating between measures gives 

us the formulae to convert scores from one measure to another. 

The results can be summarized in one table that conveys the minimum 

perceivable change in scores for two measures and the behavioral changes 

assodated with those JND's (see Table 10). For example, if a youth comes into 

treatment and changes 5 points on the counselor's IOWA Conners OD subscale, 

there are some behaviors that should be expected to noticeably change. 

Specifically, the youth's whining and interruptions should decrease about 10 and 

15 counts per hour, respectively. If the youth began the treatment whining about 

20 times per hour, one should expect the youth to whine about 50 percent less. 

The change in measures could be easily substituted for changes In behaviors 

and then the measured changes could be gauged in terms of a behavioral goals. 

For example, a goal of eliminating whining altogether may serve as the yardstick 

for gauging the success of the program. By knowing the youth's initial level on 
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the IOWA Conners or OBO, the researcher can estimate the change in scores 

on the measure that would suggest successful fulfillment of the program's goals. 

In sum, the three calibration methods enable researchers to choose among 

measures to assess either noticeable changes or important behavioral 

modifications. 

Is It a Big Change? 

Sechrest and Yeaton (1982) called attention to the uninterpretable 

metrics so often seen in the sodal sdences. Efforts to make the metrics or 

changes in metrics more meaningful indude computation of effect sizes (Cohen, 

1988) and clinical significance (Jacobson and Truax, 1991). Neither effect sizes 

nor dinical significance should be considered fully satisfadory for understanding 

the meaning of changes in levels of the many metrics in which we are forced to 

operate. Calibration procedures may prove to be more appropriate for 

addressing the issues that are involved. Computing the behavioral implications 

of the scores, estimating the changes required for noticeable changes, and 

deriving conversion algorithms all help to capture the meaning of a measure's 

metric. These methods, as is evident from this study, can be carried out with 

reasonable ease, although the data requirements are demanding. Problems 

with psychological measurement diminish the interpretability of behavioral 

implications of scores and obscure our ability to take advantage of these 

calibration methods. Although we cannot answer the question "how big is big?" 
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directly through calibration of measures, we are more able to assess the 

implications of the changes. 

Cohen's EfliBct Sizes 

As mentioned previously, effect size estimates were developed to aid in 

the interpretation of research findings. Effect sizes, however, are often 

uninterpretable. For example, the effect sizes for psychological treatments are 

not readily interpretable in tenms of whether the changes are really important or 

worth their costs. Cohen (1988) introduced a heuristic to aid in the interpretation 

of effect sizes. He argued that .2. .5, and .8 seemed reasonable magnitudes for 

small, medium, and large effisct sizes. Although he cautioned that these were 

simply estimates based on past research findings in psychology, these effect 

sizes bore no relation to true implications of the magnitude of the effect 

(Sechrest and Yeaton. 1982). In light of the JND estimates from this study and 

other JND computations (e.g., Gardner et al., 1989; Ozer, 1993; Strieker, 1996), 

Cohen's estimates of large effect sizes are probably quite small in relation to 

meaningful effects. Cohen set the rule of thumb fbr a 'large' effect at what 

appears to be roughly one half a JND. The JND estimates now available are by 

no means a sufficient argument to overturn Cohen's effect size interpretation, 

but they do indicate the need for further rigorous attempts to evaluate effect 

sizes and their interpretations. The calibration methods proposed here can 

serve as another method to evaluate the importance of an effect. 

Meta-analyses 
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The use of calibration to interpret effect sizes may aid in the interpretation 

of meta-analysis results as well. Any inference about the importance of mean 

effect sizes from meta-analyses is usually left to the reader. Although it is 

reasonable to assume that nobody really knows what effect sizes mean, it seems 

that with the use of calibration the interpretation of these results might be greatly 

enhanced. For example, efforts to summarize information in a variety of fields 

(e.g., Lipsey and Wilson, 1993) result in a compilation of effisct sizes that are 

often quite ambiguous in the absence of other information. The 'other 

information' is the real worid importance of changes in the metrics used in the 

studies. Well calibrated measures will eliminate the need for each reader to 

assess the importance of the effect size and instead address this empirical 

question directly. With the use of these calibration methods, effect sizes can be 

put in terms of behavioral change or noticeability of change. Using all 

information available from calibration procedures ought to improve the 

assessment of meta-analytic results. 

Handbook of Psychology 

In order for calibration work to be useful to researchers and practitioners, 

the information must be readily available. One way to enhance the utility of 

these results and other calibration studies is by publishing the results in a 

volume similar to the American Institute of Physics Handbook (American Institute 

of Physics, 1957) or the Handbook of Chemistry (Lange, 1967). These volumes 

contain most of the available and important information for those needing this 
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information. To gain the most from calibration efforts, results should be 

recorded in one source for easy access; information disseminated solely by 

journal publication may be too difficult to find to be useful. Physidsts, chemists, 

engineers, and other physical sdenti'sts have their own respective handt)ooks 

containing important formulae, constant values, and research findings that aid in 

their pursuit of sdentific inquiry. A soa'al science measurement handbook may 

be a good analogue to the handbooks in the physical sdences and may improve 

our understanding of our mettles by cerrtralizing information. 

Conclusion 

The quantitative calibration methods illustî ated in this study improved our 

understanding of mettles by implementing systematic quantitative procedures. 

These quantitative procedures are immune to the biases of qualitative 

calibration procedures and, therefore, should produce more reliable information 

tiian tiie qualitative methods based solely on exposure and interpretation. The 

results of these methods can be applied in a variety of situations to improve our 

understanding of the individual mettle values as well as changes in metiics as a 

result of an intervention or condition. Additionally, calibration can aid in the 

interpretation of results obtained comprehensive reviews of tine literature. 
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APPENDIX A: TABLES AND GRAPHS 

Table 1: Demographics for Dataset 1 

VariaMs N Nmiw Mta Max Mian SUDav 
FuNScatelQ 133 3 63 142 103.8 15J3 
AGE 138 0 5 13 8.8 1.72 

Varitf)it Fraq Paieanl t Cum Fraq. CumPareant 

SEX Mate 132 97.1 132 97.1 
Fwnaia 4 2.9 136 100.0 

RACE write 108 80.1 loe 80.1 
Black 22 16  ̂ 131 96.3 
Othar 5 3.7 138 100.0 

PARENTS MARITAL STATUS 
MaiTiad 100 73.5 100 73.5 
•ivarcad 13 9.6 113 83.1 
Singla/NaMfM 10 7.4 123 90.4 
SaparaiwI 9 6.6 132 97.1 
CoftaMalion 3 Z2 135 99.3 
Othar 1 0.7 136 100.0 

CHILD UVES WITH 
Both bio 84 61.8 84 61.8 
Bioandatap 9 6.6 93 68.4 
On* bio 27 19.9 120 88.2 
TwoadopHva 9 6.6 129 94.9 
Onaadopttm 2 1.5 131 96.3 
Othar 5 3.7 138 100.0 

GRADE Praachool 13 9.6 13 9.6 
1 20 14.7 33 24.3 
2 26 19.1 59 43.4 
3 28 20.6 87 64.0 
4 24 17.6 111 81.6 
S IS 11.0 126 32.6 
6 7 5.1 133 97.8 
7 3 2.2 138 100.0 

TYPE OF CLASS 
Ragular 106 77.9 108 77.9 
LDM 7 5.1 113 83.1 
LOpart 13 9.6 126 92.6 
SEOIUi 2 1.5 128 94.1 
SEDpart 6 4.4 134 98.5 
Privaia 2 1.5 138 100.0 

CURRENT PRIMARY MEDS 
Nona 88 48.5 68 48.5 
Rtein 56 41.2 122 89.7 
Daaadrina 2 1.5 124 91.2 
Cylart 3 2.2 127 93.4 
SR20 1 0.7 128 94.1 
SaiaraMad 1 0.7 129 94.9 
Antt-Dapiaaa 4 Z9 133 97.8 
Othar 3 2.2 138 100.0 

CURRENT SECONDARY MEOS 
Nona 128 94.1 128 94.1 
Ritalin 1 0.7 129 94.9 
Aathma PRN 3 2.2 132 97.1 
Anti-Oapraas 1 0.7 133 97.8 
LitNum 1 0.7 134 98.5 
Othar 2 1.5 136 100.0 
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Table 2: Demographics for Dataset 2 

Variibto N Nmiis Mbi Max Mian Std Dav 
FuBScaltlQ 303 17 «3 146 103.2 16.31 
AGE 320 0 5 16 9.0 206 

VarW)te LaM Fiaq rWOTI t CumFraq. CunPaieant 

SEX Mate 302 94.4 302 94.4 
Fanwto 18 5.6 320 100.0 

RACE WM* 259 80.0 258 80.0 
BMc 52 16.3 308 96.3 
OttMT 12 3.8 320 100.0 

PARENTS MARITAL STATUS 
ManM 209 65.3 200 05.3 
Diwread 52 16.3 261 81.6 
MlQWrMWWI 29 9.1 280 90.6 
Widowad 6 1.9 298 92.5 
Sapaiatad 15 4.7 311 97.2 
^onsnonon 5 1.6 316 96.8 
Otharearataliar 4 1.3 320 100.0 

GRADE 1 243 76.2 243 76.2 
2 9 2.8 252 79.0 
3 36 11.3 288 90.3 
4 12 3.8 300 94.0 
S 15 4.7 315 98.7 
S 4 1.3 319 100.0 

CURRENT PRIMARY MEDS 
Nona 132 41.3 132 41.3 
Ritalin 151 47.2 283 88.4 
Oexadrina 8 2.5 291 90.9 
Oex/Spanauia 1 0.3 292 91.3 
Cylaft 9 28 301 94.1 
SR20 6 1.9 307 95.9 
Aathina mad PRN 2 0.6 309 96.6 
SaiajranMda 1 0.3 310 96.9 
AntMapraaaante 6 1.9 318 98.8 
Othar 4 1.3 320 100.0 

CURRENT SECONDARY MEDS 
Nona 285 89.1 285 89.1 
Rialin 3 0.9 288 90.0 
Aaitima mada PRN 7 22 296 922 
Aathina mada 1 0.3 296 92.5 
Satajramada 2 0.6 298 93.1 
Antî MpfaaaanlB 5 1.6 303 94.7 
UAium 1 0.3 304 95.0 
Othar 16 S.0 320 100.0 
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Table 3: Behaviors and their properties for this sample 

VifiaHa N Nmin Mn Max Mmn SIdOw 

01 5162 1366 0 1.0000000 0.7788307 0.4164113 
02 5800 726 0 1.0000000 0.6179310 0.4859352 
03 5886 862 0 1.0000000 06828686 0.4654787 
04 5824 704 0 1.0000000 o!5837912 0.4029714 
05 5806 722 0 100-(HKHWOO 83.2759215 31.1930224 
06 5786 742 0 lOO-ffMWWO 4.67S7691 10.8785687 
07 5782 746 0 lOO.OOOWOO 85»48d6006 18.5038967 
08 5806 720 0 IQu 74.2530902 27.4008127 
09 5738 790 0 11ZOOOQOOO 87.7998303 1Z0906915 
010 5802 726 0 8.3798973 2.5960251 1.4776994 
HI 5886 532 0 106«0000000 75.0617211 18.2393043 
H2 4624 1904 0 487.0000000 13.7564679 29.1872745 
H3 5806 530 0 83.0000000 Z0593531 4.7364222 
H4 5996 530 0 211.0000000 5.7306760 13.1963824 
H5 5998 530 0 344.0000000 3.1607202 9.8668564 
H6 6000 528 0 74.0000000 7.2770000 7.2800026 
H7 5998 530 0 96.0000000 0.82627S4 3.6807976 
H8 5996 530 0 1336.00 9.0383461 36.7549497 
H9 5974 564 0 ?00-0000000 78.1305666 20.3232794 

Daily counted behaviors (D1-D10) 
1. Daily report card result for classroom behavior (DRCB) (0=no, 1 =yes) 
2. Daily report card result for classroom academic performance (DROP) (0=no, 

1=yes) 
3. Daily report card result for getting along with adults (DRCA) (0=no, 1 -yes) 
4. Daily report card result for getting along with kids (DRCK) (0-no, 1 =yes) 
5. Percentage of following rules in the classroom (CFAR) 
6. Percentage of disruptive behavior in the classroom (DISR) 
7. Percentage of on-task behavior in the classroom (ONTS) 
8. Percentage of seatwork completed (SWCM) 
9. Percentage of seatwork correct (SWCR) 
10. Number of seatwork problems attempted per minute (SWMN) 

Hourly counted iMhaviors (H1-H9) 
1. Percentage of following activity rules (RULE) 
2. Frequency of rule violations (VIOL) 
3. Noncompliance to rules or protocols in treatment or classroom (NCOM) 
4. Interruptions (INT) 
5. Whining or complaining (WHIN) 
6. Positive peer behaviors (PEER) 
7. Conduct problems (COND) 
8. Negative verbalizations (NEGV) 
9. Percentage of attention questions correct (ATTN) 



Table 4: Behavioral Implications by rater 

IV DV AdiR''2 Slope Interceot 
TOD Percent Following Rules 0.4 -7.07 92.55 
TOD Report card Class Beh 0.3 -0.08 0.92 
TOD Percentage of Disruptive Beh 0.2 1.07 2.02 
TIO Percent Following Rules 0.3 -5.16 99.38 
TIO Percentage of Seatwork 0.3 -4.21 88.78 

completed 
TIO Rep  ̂card Class Beh 0.2 -0.06 0.99 
TIO Percentage of Ontask Beh 0.2 -2.41 93.29 
TIO Percentage of Disruptive Beh 0.2 0.82 0.90 
TIO Report card Acad. Perf 0.2 -0.06 0.80 
COD Interruptions 0.4 3.34 -1.02 
COD Negative Verbalizations 0.4 5.41 -5.37 
COD Percentage of following 0.3 -3.69 83.30 

activity rules 
COD Noncompliance to rules or 0.3 0.84 -0.25 

protocols in class or 
treatment 

COD Whining 0.3 2.31 -1.76 
COD Frequency of Rule violations 0.3 4.85 0.80 
COD Conduct Problems 0.2 0.46 -0.42 
CIO Percentage of following 0.4 -4.40 90.49 

activity rules 
CIO Interruptions 0.3 3.18 -4.47 
CIO Frequency of Rule violations 0.2 4.46 -3.61 
CIO Whining 0.2 1.98 -3.31 



Table 5: Behavioral implications with all raters 

IV QV Adi R'̂ 2 Slope Intercept 
10 Percentage of following rules 

in the classroom 
0.21 -4.434 99.679 

00 Percentage of following rules 
in the classroom 

0.22 -4.499 93.567 

10 Percentage of following 
activity rules 

0.2 -2.6 82.27 

OD Percentage of following 
activity rules 

0.2 -2.57 78.58 

OD Percentage of attention 
questions correct 

0.2 3.53 2.01 

OD Noncompliance to rules or 
protocols in treatment or 
classroom (NCOM) 

0.2 0.576 0.854 

OD Interruptions 0.2 2.11 3.6 
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Table 6: Probit Analysis 

IV sy BSIS£ P value SISBfi Intereeot Cut Base PVP 
^qqare Score Rate 

OD 01 2 18.9 18 0.4 0.16 -1.01 6.23 0.78 0.82 
iO 02 ALL 72.5 66 0.3 0.11 -0.68 6.07 0.62 0.65 
OD 02 1 54 64 0.8 0.11 -1.25 11.4 0.62 0.62 
10 03 ALL 65.7 65 0.5 0.19 -1.65 8.6 0.68 0.71 
10 04 1 73.1 65 0.2 0.12 -0.66 5.4 0.58 0.63 
10 04 2 9.7 13 0.7 0.21 -2.42 11.59 0.58 0.6 
OD 04 1 73.5 64 0.2 0.12 -0.52 4.26 0.58 0.63 
OD 04 2 22 18 0.2 0.08 -0.31 3.86 0.58 0.62 
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Table?: JNOresults 

Rating Aflr̂  Beta Ace. ss Change DBDA 
JND JND 

Peer Relationships 0.8 0.4 2.0 2.4 4.8 1 
Adult Relationships 0.8 0.5 1.6 2.4 3.8 0.8 
Pleasantness of 0.8 0.4 2.0 2.4 4.8 1 
Interaction 

DBDQ 
Peer Relationships 0.8 0.4 2.0 2.8 5.6 1 
Adult Relationships 0.8 0.5 1.6 2.8 4.5 0.9 
Pleasantness of 0.8 0.4 2.0 2.8 5.6 1 
Interaction 



Table 8: Calibration between measures by rater and subscale 

DV ly s INT R^2 ICC with 
actual value 

POBDO POD 0.139 0.343 0.699 0.903 
TDBDO TOD 0.142 0.33 0.697 0.903 
POD PDBDO 5.037 0.976 0.699 0.903 
TOD TDBDO 4.914 0.434 0.697 0.902 
PDBDA PIO 0.132 0.487 0.58 0.847 
TDBDA TIO 0.157 0.183 0.568 0.841 
PIO PDBDA 4.392 2.22 0.58 0.847 
TIO TDBDA 3.628 3.833 0.568 0.841 

Mean 0.636 
SD 0.0664 
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Table 9: Calibration between measures all raters 

DV fH fi !NI R^2 N 
OVER 
I^ND 

DBDO OD 0.14 0.25 0.71 633 16 2.5 
OD DBDO 4.97 -0.36 0.71 633 17 2.7 
DBDA 10 0.15 0.25 0.57 633 21 3.3 
10 DBDA 3.91 3.53 0.57 633 16 2.5 



Table 10: Calibration summary 

iQ QO 
JND 4.8 5.6 
Assodated OBO change 1.0 1.0 
Whining 11.2 
Rule Violations 28 
Percentage following activity 62.6 
rules 
Noncompliance 5.1 
Negative Verbalizations 24.9 
Interruptions 10.8 17.7 
Percentage of following 69.4 
classroom rules 

* Using Counselor ratings only since they offer the 
best calibration 
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Figure 1: Relationship between Teachers lO scale and Residual for 
Youth's percentage following rules 
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Figure 2: Relationship between Teacher's 00 scale and residual for 
Youth's percentage following rules 
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Figure 3: Relationsliip between Counselor's OO scale and Residual for 
Hourly Interruptions 
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Figure 4: Relationship between Counselor's 00 scale and Residual for 
Hourly Negative Verbalizations 
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Figure 5: Relationship between Counselor's 10 scale and Residual for 
Hourly Percent Following Activity Rules 
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Figure 6: Relationship between Counselor's 10 scale and Residual for 
Hourly Interruptions 
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Figure 7: Factor Analytic Structural Equation Path Model for MTMM 
analysis 
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Figure 8: Relationship between DBOO and residual when predicted by 00 
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FIgura 9: Relationship between OD and Residual when predicted by OBOO 
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Figure 10: Relationship between lO and Residual when predicted by OBDA 
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Figure 11: Relationship between DBOA and Residual when predicted by 10 

2-

-Z 

Pradletcd Value of DBOA 



77 

REFERENCES 

AbikofF, H.. Courtney. M, Pelham, W.E., and Koplewicz, H.S. (1993). Teachers' 
ratings of disruptive behaviors: The influence of halo effects. Journal of 
Abnormal Child Psvcholoov. 21(5), 519-533. 

American Institute of Physics (1957). American Institute of Physics handbook. 
New York: McGraw-Hill. 

Atkins, M.S., Pelham, W.E.. & Licht, M.H. (1988). The development and 
validation of objective classroom measures for conduct and attention deficit 
disorders. In R. J. Prinz (Ed.), Advances in behavioral assessment of children 
and families. (Vol. 4, pp. 3-33), Greenwich, CT: JAI Press. 

Atkins, M.S., Pelham, W.E., & Licht, M.H. (1989). The differential validity of 
teacher ratings of inattention/overactivity and aggression. Journal of Abnormal 
Child Psvcholoov. 17(4), 423-435. 

Beck, A.T, & Steer, R.A. (1987). Beck Depression Inventory manual. San 
Antonio, TX: Harcourt Brace. 

Butcher, J.N. & Graham, J.R. (1994). The MMPI-2: A new standard for 
personality assessment and research in counseling settings. Special Issue: The 
MMPI-2. Measurement & Evaluation in Counseling & Development. 27(3), 
131-150. 

Campbell, D.P., &Fiske, D.W. (1959). Convergent and discriminant validation 
by multitrait-multimethod matrix. Psvcholooical Bulletin. 56. 81-105. 

Cohen, J. (1988). Statistical power analvsis for the behavioral sciences (2"* 
ed.). Hillsdale, NJ: Eribaum. 

Cohen, J., & Cohen, P. (1983). Applied multiple repression/correlation analvsis 
for the behavioral sciences (2*̂  edition). Hillsdale, NJ: Lawrence Eribaum 
Associates. 

Craik, K.H. (1986). Personality research methods: An historical perspective. 
Journal of Personalitv. 54.18-51. 

Crane, D.R., Allgood, S.M., Larson, J.H., & Griffin, W. (1990). Assessing marital 
quality with distressed and nondistressed couples: A comparison and 



78 

equivalency table for three frequently used measures. Journal of Marriage and 
the Family. 52. 87-93. 

Ferketich S.L, Figueredo, A.J.. & Khapp. T.R. (1991). The multitrait-
multimethod approach to construct validity. Research in Nursino and Health. 14. 
315-320. 

Figueredo, A.J., Ferketich, S.L, & Khapp, T.R. (1991). More on MTMM: The 
role of confirmatory factor analysis. Research in Nursing and Health. 14. 387-
391. 

Gardner, R.M., Morrell, J.A. Jr.. Watson, D.N., & Sandoval, S.L (1989). 
Subjective equality and just noticeable differences in body-size judgements by 
obese persons. Perceotual and Motor Skills. 69. 595-604. 

Jacobson, N.S., &Truax, P. (1991). Clinical significance: A statistical approach 
to defining meaningful change in psychotherapy research. Journal of Consulting 
and Clinical Psychology. 59.12-19. 

Klein, H.A. (1974). The science of measurement: A historical survey. New 
York: Dover. 

Kraemer, H.C. (1992). Evaluating medical tests: Qbiective and Quantitative 
guidelines. Newbury Park, CA: Sage. 

Kramer, J. J., & Conoley, J.C. (Eds.). (1992). The eleventh mental 
measurements yearbook. Lincoln, NE: Buros Institute of Mental Measurements. 

Lange, N.A. (Ed.) (1967). Handbook of chemistry. New York: McGraw-Hill. 

Lichtenstein, S., Fischhoff, 8., & Phillips, L.D. (1982). Calibration of 
probabilities: The state of the art to 1980. In D. Kahneman, P. Slovic, and A 
Tversky (eds.) Judgment under uncertainty: Heuristics and biases, (pp. 306-
334) New York: Cambridge 

Lipsey, M.W.. & Wilson, D.B. (1993). The efRcacy of psychological, 
educational, and behavioral treatment Confirmation firom meta-analysis. 
American Psychologist. 4g, 1181-1209. 

Loney, J, & Milich, R. (1982). Hyperactivity, inattention, and aggression in 
clinical practice. In: Advances in Develoomental and behavioral pediatrics. Vol. 
3., ed. M. Wolraich and D.K. Routh. Greenwich, CT: JAI Press, pp. 113-147. 



79 

Meehl, P.E.. & Rosen. A. (1955). Antecedent probability and the efficiency of 
psychometric signs, patterns, or cutting scores. Psychological Bulletin, 52,. 

Ozer, D.J. (1993). Classical psychophysics and the assessment of agreement 
and accuracy in judgments of personality. Journal of Personality, 61(4), 739-
767. 

Pelham, W.E. Jr. (1993). Pharmacotherapy for children with attention-deficit 
hyperactivity disorder. School Psvcholoov Review. 22(2). 199-227. 

Pelham, W.E., Carison, C., Sams, S.E.. Vallano, G., Dixon, M.J., & Hoza, B. 
(1993). Separate and combined effects of methylphenidate and behavior 
modification on boys with attention deficit-hyperactivity disorder in the 
classroom. Journal of Consulting and Clinical Psvcholoov. §1(3), 506-515. 

Pelham, W.E., Gnagy, E.M., Greenslade, K.E., & Milich, R. (1992). Teacher 
ratings of DSM-III-R symptoms for the disruptive behaviors disorders. Journal of 
the American Academv of Child and Adolescent Psvchiatrv. 31(2), 210-218. 

Pelham, W.E. & Hoza, J. (1987). Behavioral assessment of psychostimulant 
effects on ADD children in a summer day treatment program. In R. Prinz (Ed.). 
Advances in behavioral assessment of children and families. (Vol. 3, pp. 3-33). 
Greenwich, CT: JAI Press. 

Pelham, W.E. &Hoza, B. (1996). Intensive treatment: A summer treatment 
program for children with ADHD. In E. Hibbs & P. Jensen (Eds.), Psychosocial 
treatments for child and adolescent disorders: Empirically based strategies for 
clinical practice, (pp. 311-340) New York: APA Press. 

Pelham. W. E., Milich, R., Murphy. D.A.. & Murphy, H. A. (1989). Normative 
data on the IOWA Conners Teacher Rating Scale. Journal of Clinical Child 
Psvcholoov. Ifi. 259-262. 

Riskind. J.H., Beck, A.T., Brown, G., & Steer, R.A. (1987). Taking the measure 
of anxiety and depression: Validity of the reconstructed Hamilton scales. 
Journal of Nervous & Mental Disease. 17§(8). 474-479. 

Sechrest, L, McKhight, P., & McKhight, K. (1996). Calibration of measures for 
psychotherapy outcome studies. American Psvcholooist 51(10), 1065-1071. 

Secrest, L. & Yeaton, W.H. (1981). Magnitudes of experimental effects in social 
science research. Evaluation Review. 6(5), 579^00. 



80 

Strieker, L J. (1996). Using just noticeable differences to interpret test of 
spoken English scores. Research committee report to the TOEFL 

Thurstone, LL (1927a). A law of comparative judgment PsvcholoQical 
Review. 34, 273-286. 

Thurstone, LL. (1927b). Psychophysical analysis. American Journal of 
Psychology. 38. 368-389. 

Torgerson, W.S. (1958). Theory and methods of scaling. New York: Wiley. 
Weschler, D. (1981). Manual for the Weschler Adult Intelligence Scale-
Revised. New York: Psychological Corporation. 

Wolfe, M. (1978). Social validity: The case for subjective measurement, or 
How applied behavior analysis is finding its heart Journal of Applied Behavior 
Analysis. H, 203-214. 

Zacha ,̂ R.A., Paulson, M.J., & Gorsuch, R.L (1985). Estimating WAIS IQ from 
the Shipley Institute of Living scale using continuously adjusted age norms. 
Journal of Clinical Psvcholoov. 41 (6), 820-831. 

Zachary, R.A., & Gorsuch, R.L. (1985). Continuous norming: Implications for 
the WAIS-R. Journal of Clinical Psychology, 41(1), 86-94. 


