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A diagnosis of intellectual disability is a momentous event that can determine eligibility for special services and
supportive sources of income, and in the criminal arena, it can be a matter of life and death. For criminal
defendants who might otherwise face capital punishment, it is a matter of life and death. Individuals evaluated
for intellectual disability often have been given multiple intelligence tests, sometimes with results falling on
both sides of the diagnostic threshold. In all cases, the diagnostic decision must be based on a rigorous
examination of the totality of evidence in the context of systematic clinical judgment. When multiple IQ results
are relevant and comparable, they can be combined into a properly computed composite score to assist the
clinician charged with diagnostic responsibility in determining if Prong 1, deficits in intellectual functioning, of
the three-prong criteria necessary for an intellectual disability diagnosis has been met. Best psychometrically
grounded methods for these calculations are presented along with a discussion of inappropriate approaches for
accurately combining multiple scores. To make these methods accessible to professionals outside the discipline

of psychology, all calculations are fully explained in the context of foundational concepts.

Keywords: intellectual disability, intelligence tests, composite scores, multiple IQ scores, capital cases

A diagnosis of intellectual disability (ID) is a life-changing event
for the individual and their families. It determines eligibility for
special services and supportive sources of income, and in the
criminal arena, it can be a matter of life and death. A diagnosis of ID
makes one eligible for special education and community support
services, as well as supplementary security income (at least in the
United States) from the Social Security Administration, family
assistance, and, in some states, other additional benefits. Although a
diagnosis of ID does not automatically disqualify an individual with
ID from obtaining gainful and competitive employment, it is
important to note that these individuals face unique challenges in
the workplace, including obtaining gainful employment (Carlson
et al., 2020; Cavanagh et al., 2021; Gormley, 2015). Individuals
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with ID can benefit from special hiring practices that allow for a
quicker hiring process and provide for reasonable accommoda-
tions in many work environments (Lysaght et al., 2012; Madan
et al., 2024; Wendelborg et al., 2022). Conversely, preferential
treatment may subject such individuals to inaccurate stereotypes
and stigma.

Professional standards for the diagnosis of ID have been fluid over
decades, as are many other diagnostic criteria, and must be so as our
science and understanding of neurodevelopmental disorders progress.
Currently, the diagnostic criteria provided in the Diagnostic and
Statistical Manual of Mental Disorders, fifth edition—-Text Revision
(DSM-5-TR; American Psychiatric Association, 2022), and in
Intellectual Disability: Definition, Diagnosis, Classification,
and Systems of Supports, 12th edition (Schalock et al., 2021), of
the American Association on Intellectual and Developmental
Disabilities are highly similar and are the most widely adopted ID
diagnostic criteria. Briefly stated, an ID diagnosis requires the
person under examination to meet three criteria, often referred to as
Prongs 1-3. Prong 1 provides that the person displays deficits in
general intellectual functions confirmed by clinical examination
and the administration of an individually administered, nationally
normed, comprehensive standardized intelligence test (Floyd et al.,
2021). Prong 2 requires the demonstration of deficits in adaptive
functioning that result in the failure to meet current developmental
and social standards for personal independence and the establish-
ment of social responsibility. Prong 3 specifies that the onset of the
symptoms defined in Prongs 1 and 2 manifests during the devel-
opmental period. The use and understanding of the criteria require
specialized training and study, especially of the discussions in the
relevant diagnostic manuals.

Although all three prongs are essential components of the ID
diagnosis, the focus of this article is on the Prong 1 criteria as
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2 SCHNEIDER, REYNOLDS, McGREW, AND SALEKIN

determined by multiple individually administered, nationally
normed, comprehensive standardized intelligence tests. In particular,
we propose and outline a psychometrically sound procedure where
multiple intelligence test scores can be combined into a valid
composite score. Similar to the need to consider the measurement
error (standard error of measurement [SEM]) inherent in individual
1Q measurements, how to calculate a new composite IQ SEM, which
will typically be smaller than the individual 1Q score SEMs, is
presented.

When and how to consider the interpretation of multiple 1Qs
has been addressed in the highest courts of the land (e.g., Hamm v.
Smith, 2024), as well as in hotly contested legislation. Given that the
determination of ID in capital cases has been subjected to such
scrutiny and, at times, decisions are based solely on Prong 1 (17%,
Blume et al., 2009), it appears that we are dealing with life-and-death
psychometrics, a concept unique to capital litigation. It is within this
realm that we focus on its application in legal settings. However, the
fundamental method can be applied to create composite scores from
any acceptable set of scores that constitute repeated assessments of a
common construct. Composite scores are used in the assessment of
personality traits, career interests, psychopathology, neuropsycho-
logical deficits, giftedness, and academic abilities.

When the U.S. Supreme Court ruled that capital punishment for
individuals with an ID was unconstitutional (Atkins v. Virginia,
2002), setting standards and procedures for identifying ID in capital
cases became urgent. Although each state was deemed responsible for
setting its own policies for capital punishment eligibility, at times, the
Supreme Court has ruled that some states’ policies must be revised.
For example, in Hall v. Florida (2014), the court ruled that the state of
Florida must not use a strict “bright-line” cutoff of IQ < 70 without
considering the inherent measurement error in intelligence test scores.
Specifically, when a defendant’s IQ is narrowly above the cutoff, the
defendant must be allowed to present additional evidence of ID
beyond the test scores, in line with professional standards and
practices.

Hall v. Florida (2014) was decided by a 5—4 majority. In his
dissent, Justice Samuel Alito argued that because Florida allowed
Hall to present multiple IQ results, Florida was allowing additional
evidence to be presented, and thus, the margin of error was given
due consideration:

There are various ways to account for error in IQ testing. One way is
Florida’s approach (evaluate multiple test results). Another is to use a
mathematical measurement called the “standard error of measurement”
or SEM. (p. 15)

It is true that evaluating multiple test results can be completed
with psychometrically sound methods that account for and reduce
measurement error. Unfortunately, there are intuitively plausible
methods for evaluating multiple scores that are technically inade-
quate and can introduce more error than they correct. In addition, the
evaluation of multiple test results is not simply an alternate way of
accounting for error that is distinct from an examination of the SEM.
A proper analysis of multiple IQs does not end with many (possibly
divergent) scores, each with their own SEM. Under appropriate
conditions, the scores can be combined into a single, more reliable
estimate with a smaller SEM and a narrower confidence interval
(Floyd et al., 2021; Schneider, 2013).1

In addition to narrowing the confidence interval, properly con-
structed composite 1Q scores have properties that may seem

counterintuitive at first. Whereas taking the average of many mea-
surements of physical quantities like height does not result in a biased
estimate, taking the simple average of many IQs from the same person
does introduce a persistent bias to the score. Fortunately, this bias can
be corrected with formulas known and used for many decades.
Failing to correct this bias may result in tragic misdiagnoses, par-
ticularly in capital cases. If clinicians are to make such life-changing
diagnoses, and especially when courts are to make life-and-death
decisions informed by estimates of intelligence, the test score esti-
mates should be based on the best methods available.

The fundamental methods we present are not new. They rest on
principles known since the mid-19th century (Bienaymé, 1853). The
methods are not merely opinion but are based on strong mathe-
matical proofs (e.g., see Horst, 1936; Wilks, 1938) that can be
reproduced and verified by anyone with graduate-level training in
statistics (Ley, 1972). Though elsewhere the methods have been
refined, extended, and generalized beyond their original applica-
tions, there is no controversy about whether the methods themselves
are correct when they are properly applied in the right contexts. The
methods are used implicitly or explicitly in nearly all psychological
assessment instruments. That is, when scales are created by com-
bining multiple test items or multiple subscales, by convention, the
resulting variable is rescaled to have a standard score with a con-
veniently round mean and standard deviation (e.g., 100 and 15,
respectively). If there is a new idea here, it is this: When multiple,
comparable 1Qs are available, they should be combined using the
same methods that we combine every other kind of psychological
test scores in every other context. There is nothing special about IQ
that makes it the sole exception as to how multiple scores should be
combined.

Although the methods we present in this article have been pre-
sented in abbreviated form in book chapters about ID assessment
(Floyd et al., 2021) and intelligence testing in general (Schneider,
2013), we cover the topic in greater depth. Although the methods are
quite general—they apply to any construct that is measured with
more than one instrument with interval scaling—we tailor our re-
commendations to emphasize forensic assessments in the context of
cases in which there is the possibility of capital punishment.

Because we hope this article will be useful to professionals from
disciplines outside of psychology, we take time to define technical
terms that scholars typically omit when addressing insiders (e.g.,
Table Al), and give an expanded introduction to technical concepts
(e.g., Appendix B). This article will focus primarily on the following:

1. Common intuitive but incorrect methods
2. The composite score extremity effect (CSEE)

3. Measurement error and the related concepts of true scores,
reliability, and confidence intervals

4. ID criteria
5. Composite scores and the computation

6. Recommendations for creating composite 1Qs

" The professional consensus is that a 95% confidence interval—
approximately +2 SEM—should be used in ID diagnoses, including in capital
cases (Floyd et al., 2021; McGrew, 2015; Watson, 2015).
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LIFE-AND-DEATH PSYCHOMETRICS 3

Common Intuitive Methods That Are Incorrect:
Averaging, the Median, and Best Score Approaches

Psychological assessments often generate such a large number of
scores that they need to be organized and summarized so that a useful
and coherent case conceptualization is possible. Although there are a
variety of methods for interpreting multiple scores measuring the
same psychological construct, not all of them are suitable for high-
stakes decisions and final, formal communication of assessment
results. In our work, we have seen others apply intuitively appealing
multiple-score “averaging” methods that produce inaccurate and, at
times, inherently biased results, especially from IQ measures.

Simple, convenient procedures might be accurate enough for
rapid, informal estimates at an early stage of the interpretive process
(e.g., when a clinician is deciding whether an inconclusive finding
needs follow-up testing), but the final presentation of assessment
results must be based on scores computed using the best available
methods, convenient or not. When multiple measures can be
appropriately summarized with a single score, we recommend
creating a new composite score. The computation of such a score
may be a little less convenient than other methods, but the inter-
pretation of a composite score is far simpler and most closely mimics
how IQ test scores are created by the makers of the tests themselves.
The computational advantages of other methods are more than offset
by the inaccuracies and/or interpretive difficulties they introduce.

The most common suboptimal method of combining scores that
we have observed is the calculation of the arithmetic average, where
all scores are summed and divided by the number of scores. It is also
common for clinicians to take the median score, especially when one
score is a clear outlier. We have also seen clinicians and forensic
professionals designate the highest obtained IQ test score as the best
estimate of general intellectual functioning based on the incorrect
logic that “one cannot be smarter than they are—and the highest
score then must be the most accurate.” These approaches do not
produce sufficiently accurate results in psychological measurement
for multiple reasons. As often occurs, however, statistical issues can
be counterintuitive and require a more detailed explanation for
understanding the phenomenon under review.

Because all well-designed measures of 1Q are strongly and pos-
itively intercorrelated (Breit et al., 2024), when an IQ is well below 70
or well above it, a second IQ test score will usually also fall on the
same side of the diagnostic threshold. However, because 1Q test
scores are imperfectly correlated, when individuals with low cog-
nitive abilities near the ID diagnostic threshold are given multiple
tests, there is a substantial probability that at least some scores will fall
on opposite sides of the threshold (Schneider et al., 2024).

When faced with scores that are not on the same side of a
diagnostic threshold, stakeholders (e.g., clinicians, lawyers, and
triers-of-fact) may default to the application of statistical measures
of central tendency and dispersion to decide whether the diagnostic
criteria have been met. Taking the arithmetic mean value as the best
estimate has intuitive appeal because the mean is normally an
excellent measure of central tendency. Likewise, taking the median
value might normally be a reasonable alternative if there are strong
outliers of dubious accuracy, such as when one of the scores is
implausibly higher or implausibly lower than the other scores (Floyd
et al., 2021).

Unfortunately, both the mean and the median introduce a known
bias that is routinely corrected in most other contexts and that ought

to be corrected in this one as well. The standard deviation of a mean
or median of a set of scores will be smaller than the standard
deviation of 15 that we expect to see in an 1Q. A score with a smaller
standard deviation has a different interpretation. Thus, the new
computed variable can be rescaled to have a standard deviation of 15
so that it can be interpreted as an IQ. The consequences of this
correction can be counterintuitive when first encountered. Thus, we
will introduce the topic by way of a useful analogy before presenting
it formally and documenting its effect on obtained IQs.

How IQ Is Less Like a Ruler and More
Like the Decathlon

When faced with counterintuitive phenomena, Dennett (2013)
advocated the use of intuition pumps—analogies that readily
communicate a point, even if the comparison is not technically
perfect on every dimension. If we measured someone’s height
repeatedly, and each result was close to 162 cm (5 ft, 4 in.), the best
estimate of the person’s height is the average of these measurements:
162 cm. Imagine how strange it would be if we claimed that the best
estimate of the person’s height was 158 cm, despite the fact that each
measurement was well above 158 cm. This claim is clearly absurd.
However, in psychological measurement, seemingly similar results
happen all the time, and they are correct. How is this possible?

Averaging measurements is not always a good idea because not
all variables that look like numbers behave the way we normally
expect numbers to behave. If a friend has multiple telephone
numbers, the average of those numbers would not be a more
accurate way to reach that friend. Numbers used for identification
(e.g., telephone numbers, social security numbers, and postal codes)
cannot be added, subtracted, multiplied, or divided, much less
averaged in any meaningful way—these numbers are on a nominal
scale of measurement (i.e., the categorization of information into
groups or labels without any inherent order) and fail to maintain
meaning in the face of arithmetic manipulation.

Ordinal numbers are used to rank some variable of interest (1st,
2nd, 3rd, and so forth). Although it is possible to average ordinal
numbers, the interpretation of such averages is not always
straightforward. For example, in the 2024 Summer Olympics,
Norwegian athlete Markus Rooth completed all 10 events in the
Men’s Decathlon. Figure 1 shows his final rank in each event.

Should we feel bad for Marcus Rooth? Better luck next time? He
did not place first in any event! Out of 10 events, his average rank
was 7.4. Did he finish in 7th or 8th place? No, he did not. This
performance earned him the Gold Medal and, by tradition, confers
upon him the title of “World’s Greatest Athlete!”

Why is Rooth’s average rank so different from his overall rank? Is
this some kind of fluke? In an extraordinary performance in the 2021
Tokyo Olympics, Canadian athlete Damian Warner won Gold by
setting the Olympic record for the Men’s Decathlon event. He had
an average rank of “only” 4.6 and placed first in “only” three events.

2If IQ tests were perfect and malingering were the only reason a person
would score lower than their potential, this reasoning would hold. In reality,
there are many reasons a person’s score can fluctuate up and down because of
chance factors. Taking only the highest score as the best estimate is wrong for
the same reasons it is wrong to calculate a batting average using only a
baseball player’s best performance. Such a procedure would upwardly bias
1Q estimates, making them less accurate predictors of everyday performance
in academic and occupational settings.
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4 SCHNEIDER, REYNOLDS, McGREW, AND SALEKIN

The average rank is clearly a biased way to estimate overall
performance.

When decathlon officials tally up the points to determine the
winner, they do not average the event rank. That would be silly, and
for an obvious reason: No one would ever win. Although it is
theoretically possible to have an average rank of 1 by winning every
event, not even Jim Thorpe did so when he dominated the field in the
1912 games in Stockholm (average rank of 2.4).

What does this discussion of decathlon performances have to do
with 1Q? Suppose a person scored exactly 75 on seven intelligence
tests. The person’s IQ is probably 75, right? Actually, no. If those
seven intelligence tests were the seven subtests of the Wechsler
Adult Intelligence Scale, Fifth Edition (WAIS-5; Wechsler, 2024)—
a subtest scaled score of 5 equals 75 on the IQ metric—then the Full
Scale IQ would be 69. Readers with access to the WAIS-5 manual
can verify for themselves that this is true. How is it possible—how
does it even make sense—that someone without a single subtest
score below 75 could be said to have an 1Q of 69? Counterintuitive
though it may be, roughly for the same reason that Markus Rooth
won a Gold Medal in 2024, this is how intelligence scores and most
other psychological measurements work.

Physical quantities like distance and mass are measured on what
is called a ratio scale. On aratio scale, a zero is a true zero, indicating
an absence of what is measured (e.g., 0 g indicates no mass). Ratio
measurements, when averaged, remain on the same scale as the
original measurements.

Psychological and educational measurements typically require an
interval scale, which lacks a true zero. If an interval scale happens to
include zero, the zero might have a special meaning (e.g., 0 on a z-
score corresponds to the population mean), but it does not indicate
the absence of what is measured. IQ, like most measurements of
individual differences, is an interval measurement that has been
standardized to have a particular mean and standard deviation.
The arithmetic average of multiple standard scores retains the same
mean as the original scores, but the average has a smaller standard

Figure 1
Marcus Rooth’s Decathlon Performance at the Paris 2024 Olympics

24 « Pole vault

34 « Longjump

4 -

54 * Discus
Shot put

6™ Javelin

Final 71 Average = 7.4
Rank g4 « 400 meters

94 e 110 meter hurdles

104 « Highjump
114 ¢ 1500 meters
121

13 1

144 o 100 meters

deviation, which alters its interpretation (in the same way that
converting inches to centimeters alters the interpretation of the
numbers). To give the average of multiple standard scores the same
interpretation as the original scores, the averaged score must be
rescaled to have the same standard deviation. The necessity of
rescaling the average has surprising implications.

The CSEE

Although it is rare for someone to have one unusual performance,
it is rarer to have multiple unusual performances. Although Markus
Rooth did not have the best performance in any single event in the
2024 Olympics, he did unusually well across 10 events, and thus, his
relative performance cumulatively exceeded that of everyone else in
the competition.

A WAIS-5 subtest score of 5 (i.e., 75 in the IQ metric) is unusually
low, at the 5th percentile. To score at the 5th percentile or lower
consistently across seven subtests is more unusual than scoring at the
5th percentile or lower on a single test. Because only 2% of people
score this low consistently, obtaining seven subtest scores equivalent
to 75 results in a WAIS-5 Full Scale IQ of 69, a full 6 points lower
than 75. The effect is not specific to the WAIS-5 nor to the Wechsler
tests. If a person scored the equivalent of 80 on the intelligence
subtests from the Reynolds Intellectual Assessment Scales—Second
Edition Normative Update (Reynolds & Kamphaus, 2026), the
Composite Intelligence Index (i.e., IQ) would be 75, not 80.

This phenomenon, dubbed the CSEE (Schneider, 2016), is not
specific to 1Q either. It happens whenever standardized scores based
on deviations from population norms are combined into composite
scores that have the same population means and standard deviations
as the tests they summarize. Composite scores are a feature of most
educational and psychological test batteries. This effect is also the
reason test developers do not use a simple linear conversion of an
average to compute a composite score—a sum of scores is completely
rescaled to create a composite that is an accurate representation of
standing on the latent variable in question relative to others in the
chosen reference or normative group (also see Reynolds et al., 2021).
An average could also be rescaled—though this would introduce an
extra and unnecessary step in the scaling process—but whatever
representation of the cumulation of the part scores is used, it must be
rescaled. Although the examples presented here have been associated
with low scores, it should be noted that the effect works in both
directions—obtaining consistently high subtest scores is associated
with an even higher Full Scale 1Q.

A composite score (C) is more extreme than the average of the tests
(X) used to compute the composite. The effect can be small and
subtle, or it can be quite large. The difference between the composite
score and the average of the part scores (C — X)becomes larger when:

1. The scores are, on average, increasingly extreme
compared to the population mean (i.e., |X — p| is large).

2. The correlations among the scores, on average, are
increasingly low (i.e., 7 is near zero).

3. The number of scores (n) is increasingly large.

The precise relationship between these three factors and the size
of the CSEE is specified by the equation in Figure 2. These re-
lationships are illustrated in Figure 3. If the tests were perfectly
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LIFE-AND-DEATH PSYCHOMETRICS 5

Figure 2
Factors Contributing to the Composite Score Extremity Effect

Composite Score
Extremity Effect

Composite
Score Population Number
Mean of Tests

Note. All tests are assumed to have the same standard deviation.

Deviation from
Population Mean

n

Average
Test
Score

Average
Test

Average
Score

Correlation
Among Tests

correlated, there would be no CSEE, and the scores would fall on the
black lines in Figure 3 (i.e., the composite score would equal the
averaged score). As the correlations weaken, the composite score
deviates more strongly from the black line. This effect is stronger on
the right panel of Figure 3 than on the left panel because the right
panel has more tests. The main point for the clinician to understand
is that the CSEE is strongest when a person has extremely high or
extremely low scores on many poorly correlated measures. The
CSEE is weaker when there are only two highly correlated tests, and
the effect is completely absent when a person’s average performance
exactly matches the population mean.

Why does the CSEE happen with psychological test scores and not
with, for example, height measured in centimeters? If we were silly
enough to measure height with standard scores instead of centimeters,
the CSEE would be relevant for height, too. Fortunately, measuring
height in centimeters works quite well because we can compare
distances to known physical standards. With most psychological
variables, there is no mental meter stick in Paris to which test scores

Figure 3

can be compared. Lacking an external standard, we create standard
scores by comparing psychological variables to two statistical
standards, the population mean and the population standard deviation.
For example, an IQ of 70 is interpreted in the context of a population
mean of 100 and a standard deviation of 15. Thus, an 1Q of 70 is 2
standard deviations below the mean (70 = 100 — 2 X 15).

The average of multiple height measurements is still interpreted
as having the same metric as the height measurements (i.e.,
centimeters). When standard scores are averaged, the average still
has the same population mean, but its standard deviation is smaller
than the standard deviation of the individual scores. For example,
suppose we administered five different IQ batteries to everyone,
each with a mean of 100 and a standard deviation of 15. The
averaged I1Q would have a population mean of 100, but the standard
deviation of the average 1Q would be less than 15, depending on
the strength of the correlations among the tests. Not having the
same standard deviation, the interpretation of the averaged score is
not the same as the interpretation of the individual scores. To put
the averaged score on the same metric as the individuals’ scores, a
correction needs to be applied, the same correction that is applied
to composite scores.

This is precisely the process by which test developers create
normative scores or reference tables for composite scores. Subtest-
level scores are rescaled composites of summed item-level scores,
and IQs are rescaled composites of a sum of subtest-level (the part
scores) scores. To combine scores across different tests, a procedure
is required that allows the new composite score to reflect the actual
distribution of the new composite and that mimics how normative
scores are derived, and the methods for this calculation are known
and given later, below.

Composite IQ as a Function of Averaged 1Q, Number of 1Q Test Scores (n), and
Average Correlation Among the Scores (r)

Composite 1Q

65 70

75 65 70 75

Averaged 1Q
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6 SCHNEIDER, REYNOLDS, McGREW, AND SALEKIN

IQ and Measurement Error

In everyday activities—baking, home repairs, and art projects—
we can apply the carpenter’s adage to “measure twice, cut once.”
Most often the measurements will be the same, and we can proceed
with confidence. If two measurements differ, a third measurement
will likely tell us which of the two measurements is correct.

Some measurements are inaccurate because of preventable mis-
takes, some because of limitations of the measurement instrument.
However, perfect measurement is an ideal that is not obtainable. A
hard-won insight from physics is that measurements of continuous
quantities like distance, weight, and temperature are not truly fixed
but fluctuate from measurement to measurement (Taylor, 2022, pp.
4-5)—not necessarily because there is something wrong with the
measurements, but because the underlying phenomena themselves
are in flux and the act of measurement can disturb the very phe-
nomena being measured (Heisenberg, 1927). Fluctuations from
measurement to measurement, whether they are due to mistakes,
instrument limitations, or inherent instability of the phenomena, are
called measurement error.

To the common errors of measurement in physically observable
variables, psychological testing adds errors related to ability domain
sampling—we cannot ask every possible question or present every
possible problem that is relevant to evaluating or measuring
intelligence (or other psychological constructs), and so we sample
the ability domain of potential questions/problems.

Usually, the fluctuations of physical quantities are so small that
they do not matter for everyday projects. By contrast, measurement
errors in psychological assessment are large enough that there can be
no assurance that any particular measurement is the correct one. We
can, with repeated measurements, reduce measurement error to the
point that we can specify a usefully narrow range for where a
quantity is plausibly located.

Most psychological measurement devices are not single mea-
surements but consist of multiple test items that are added to produce
a total score. 1Q tests consist of smaller tests (i.e., subtests), each with
multiple items. Each test item can be viewed as a single measurement.
A core psychometric principle is that when an increasing number of
items are aggregated into a single test score, measurement error is
further reduced—provided the items are substantially correlated with
each other (Brown, 1910; Paunonen, 1984; Spearman, 1910). Even
with many test items, however, psychological measures have much
more measurement error than do measures of physical quantities such
as mass, distance, and temperature. Thus, we expect nontrivial
fluctuations every time we measure a psychological state or trait.
Indeed, this is why the inherent error of a test must be considered
when a psychological test is used to make an important legal decision
(e.g., Hall v. Florida, 2014).

Biases Introduced by Errors of Domain Sampling

The domain of intelligence comprises a large and diverse col-
lection of interrelated abilities (Carroll, 1993). To the extent we
make errors (and we do) in sampling the domain adequately, we
introduce another source of measurement error. We also have
different and still useful definitions of intelligence without perfect
consensus in the field. The aspects unique to each definition arise
from theories of intelligence, which, despite being similar, are not
the same. Because intelligence tests are based on different theories

of intelligence, the emphasis placed on different areas of problem
solving varies across different tests of intelligence (McGrew, 2015).
Unlike errors due to random fluctuations, errors of domain sampling
introduce persistent measurement errors (i.e., measurement biases).
Unfortunately, this variability can enhance perceived errors of
domain sampling. This is a key reason routinely taking the highest
score from a set of obtained IQs is poor practice—an idiosyncratic
strength on a unique and narrow component of a particular test will
lead to the overestimation of a person’s overall ability.

Errors of domain sampling across tests and differences in con-
struct definition and relative emphasis all affect the content of the
measures used. As we add more measures, the likelihood of chance
factors related to differences in domain sampling creating nearly
random fluctuations across measuring devices increases, and the
highest obtained score most likely reflects taking advantage of such
chance or random variations to produce a speciously high estimate
of intellectual functioning. Added to this issue, the distribution of
the highest score taken from a set of correlated scores has a higher
mean and smaller standard deviation compared to IQ. When there
are more than two correlated scores to select from, the means,
standard deviations, and probability functions for extreme score
distributions are not obtainable with closed-form equations and must
be estimated via advanced methods (Botev et al., 2015), making
their calculation and interpretation anything but straightforward. In
short, substituting the highest score from a group of scores as
opposed to calculating a true composite does nothing to solve the
problem of creating an accurate score distribution for comparison.

True Scores and Construct Scores

If psychological measurements simply will not hold still, how can
one use psychological test results to make high-stakes decisions? It
is possible to reduce measurement error with repeated measurement.
In classical test theory (Lord & Novick, 1968), we can think of each
measurement X as the sum of a true score and a measurement error
(Furr, 2022), as seen in the equation in Figure 4.

The true score is defined as the hypothetical average score a
person would obtain if a particular test could be given repeatedly
without carryover effects (Lord & Novick, 1968, pp. 27-28). In the
absence of carryover effects (i.e., the influence of previous mea-
surements on subsequent measurements), participants never tire,
lose motivation, or learn how to do the task better via practice.
Imagine we could somehow rewind time and give a particular test an
infinite number of times under an infinite number of plausible
conditions. In this thought experiment, the true score would be the
average of all possible score fluctuations on that test. Ideally, the
fluctuations are small enough that the measurements fall within a
usefully narrow range. For example, we may not know precisely
how well a person retains information, but the overall score on a
series of memory tests can tell us whether a person needs support
and treatment for memory problems.

The true score, despite its name, is not THE TRUTH in any final
sense. A test is designed to measure a theoretical entity or “con-
struct” (e.g., intelligence, anxiety, or reading comprehension). No
test measures its intended construct perfectly and in its entirety.
Because different intelligence tests emphasize different aspects of
intelligence, a person’s true score on one test might differ somewhat
from the person’s true score on another test. Any persistent flaws in a
test will be passed along to the true score for that test. When people
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Figure 4
Observed Scores Are the Sum of True Scores and Errors

X =T+e¢e¢

Observed Score [ True Score I Error I

incorrectly assume that a true score perfectly reflects its intended
theoretical construct, what they have in mind is a hypothetical idea
called a construct score (Borsboom & Mellenbergh, 2002), which
precedes and is wholly independent of any measurement.” When
multiple IQ tests are given to a person, the intent is to approximate
the construct score. That is, we care about a particular measurement
only to the extent that it helps us specify the likely range in which the
construct score is located. The true score for the combination of
many scores from well-validated IQ batteries provides the best
approximation of a construct score for overall intelligence.

Measuring Reliability With Reliability Coefficients

If we could rewind time and measure abilities repeatedly without
carryover effects, the scores will not be the same every time, but
ideally the scores remain fairly consistent (presuming the target trait
is stable). The degree of consistency can be measured with a
reliability coefficient. In classical test theory, reliability is a ratio of
true score variance to observed score variance (Where variance is the
standard deviation squared).

In Figure 5, the reliability coefficient is symbolized as pxx because
p is the symbol for the correlation coefficient in a population, and the
reliability coefficient can also be viewed as the correlation of a test X
with a parallel version of X, or, alternately, the short-term retest
correlation of X given twice if there are no carryover effects. If there
are no parallel versions of a test, and it is only given once, it is possible
to estimate a test score’s reliability coefficient from the relationships
among the items that make up the score. In essence, each item of the
test can be thought of as an alternate version of the test. Measures of
internal consistency like Cronbach’s o (Cronbach, 1951; Guttman,
1945) and McDonald’s o (McDonald, 1970) distill the reliability of a
total score from the correlations among the items.

The equation for the reliability coefficient in Figure 5 shows a
related but lesser known statistic called the reliability index, which is
the correlation of an observed score with its true score. Squaring the
reliability index yields the reliability coefficient. In regression
analysis, the squared correlation between two variables is the

Figure 5
Reliability Is the Ratio of True Score Variance to Observed Score
Variance

True-Score
Reliability Variance Reliability Index
Coefficient M
0.2
PXX — = = P2
Uk
Correlation of X Where pyr is
with a parallel the correlation

version of X of Xand T

Observed-Score
Variance

proportion of variance one variable “explains” in the other. Thus, the
reliability coefficient can be thought of as the proportion of variance
in the observed score that is explained by the true score.

SEM (6x _ 7): The Typical Size of a Measurement Error

Because not everyone has the same score on a test, we need a
statistic that describes how much people differ on a test, on average.
Within a particular population, we can measure the population mean
., and we can measure each deviation—how far each score X is from
the mean p by subtracting X — p. The typical size of the deviations is
measured with a specialized kind of average called the standard
deviation, symbolized with the Greek letter ¢ (see Appendix B and
Figure B1 for technical details).

The SEM (ox _ 7) is the standard deviation of all measurement
errors—the hypothetical fluctuations of observed scores X from a
person’s true score 7. It is frequently symbolized as 6, because e = X —
T. The SEM can be thought of as the typical distance of observed scores
from their respective true scores. In classical test theory, the SEM is
assumed to be the same for everyone. In other measurement models, it
differs depending on the observed score and possibly other char-
acteristics of the person or situation (Raykov & Marcoulides, 2011).

If we knew everyone’s observed and true scores, we could
calculate the SEM directly by taking the standard deviation of the
difference between true scores and the observed scores. However, if
true scores were known, we would have no need to bother with
observed scores and measurement error. Unfortunately, true scores
are not available for inspection with observational data, and the
direct calculation of the SEM is not possible. Nevertheless, we
calculate the SEM indirectly via the reliability coefficient pyy. See
Appendix C for the derivation of the equation in Figure 6.

The SEM is the variation around a person’s true score, as
illustrated in Figure 7. The population mean for an 1Q test is p = 100,
with a population standard deviation of ¢ = 15. If a person’s true
score on the specific IQ testis 7= 70, and the reliability of the score
at IQ = 70 is pyx = .97, the dark blue region represents the dis-
tribution of observed scores the person would obtain if the test could
be readministered infinitely without carryover effects. The mean of
this distribution is the true score 7' = 70, and the standard deviation
(i.e., the SEM) is oy _ 7~ 2.60, which, as seen in Equation 1, can
be calculated by applying the equation in Figure 6:

ox—_1 = oxv1—pxx

. @
2.60 = 151 —-.97

Confidence Intervals

With real observations, the true score is unknown, and its location
is estimated from the observed score. After an IQ is calculated, it is
usually presented along with the score’s 95% confidence interval,

*In an extension of classical test theory called generalizability theory
(Cronbach et al., 1963), the universe score is the average of all possible
measurements of a particular construct, which means that it functions like a
construct score but is still tied to actual measurements and will thus average
in any flaws in measurement. Ideally, these flaws would average each other
out and the universe score approaches the construct score. In this context, a
universe refers to all possible conditions under which a measurement of a
specific construct might occur, analogous to how population refers to all
possible research subjects/persons in a specific group (Cronbach, 1972, p. 9).
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Figure 6
The Standard Error of Measurement Is the Standard Deviation of
the Difference Between Observed Scores X and True Scores T

Standard
Deviation

1 — pxx
Reliability
Coefficient

the range that contains the true score in 95% of cases. If a person’s
observed IQ is 70, what is the best estimate of the range in which the
person’s true score is likely to be? If we know the reliability
coefficient for a test at IQ = 70, we can use a regression equation to
estimate the most likely range in which the true score is located.

There are different kinds of confidence intervals that can answer
different kinds of questions (Charter & Feldt, 2001; Levy &
Mislevy, 2016; Stanley & Spence, 2024). Although court rulings
often discuss confidence intervals based on the SEM (e.g., Hall v.
Florida, 2014), most current tests use confidence intervals based on
a closely related statistic called the standard error of estimation.
Both types of confidence intervals answer valid questions and are
correct equally often when their underlying assumptions hold.

If we somehow know the true score in advance, the SEM tells us
the typical distance of the true score to the observed score. If we
know the observed score—a much more likely event than knowing

OX-T — 0Xx

Standard Error
of Measurement

Figure 7
Variation of Observed Scores Around the True Score When T = 70,
and the Reliability Coefficient Is .97

— =15

Oy-r=2.60
4 =100

40 55 70 85 100 115 130 145 160

1Q
Note. Thelight blue region is the distribution of IQ test scores in the general

population where the population mean is p = 100 and the population standard
deviation is 6 = 15. The dark blue region is the distribution of IQ test scores
that a person with a true score of 7'= 70 would obtain if the reliability of the
scores is pxx = .97. The mean of the dark blue region is T = true score with a
standard error of measurement of oy _ 7 = 2.60.

the true score—the standard error of estimation tells the typical
distance from the true score to our best estimate of the true score.

The confidence interval based on the standard error of estimate is
generally preferred for several reasons. First, it answers the question
that clinicians and courts generally want to know: “For people with
this observed score, where is their true score most likely to be?” By
contrast, observed score—centered confidence intervals based on the
SEM answer a question most of us do not have: “How wide does an
interval centered on the observed need to be so that it will contain the
true score 95% of the time we measure something?” The difference
between those questions is subtle and abstract, but there is a plain
and practical reason to prefer the confidence interval based on the
standard error of estimation: Its interval is narrower. All else equal, a
narrower prediction interval is more useful. Not only is the confi-
dence interval narrower, but it is also usefully lopsided. When the
observed score is very high or very low, the likely location of the
true score is more likely to be closer to the population mean than it is
to be even more extreme than the observed score. The confidence
interval based on the SEM is symmetrically centered on the
observed score, even when the location of the true score is not
equally likely to be on either side.* Given a Bayesian interpretation,
aconfidence interval based on the standard error of estimation is also
the 95% credible interval for the person’s true score.

ID Criteria

The diverse forms of ID have many causes, some of which are
gene and chromosomal variations that people either have or do not
have (e.g., an additional copy of the 21st chromosome, which causes
Down syndrome). Although some of the causes of ID involve
categorical variables, the manifestation of difficulty is not cate-
gorical (i.e., present/absent) but comes in degrees of difficulty,
which is why the diagnosis is accompanied by a severity specifier
(mild, moderate, severe, or profound).

In the DSM-5-TR, there are three diagnostic criteria that must be
met for a person to be given a diagnosis of ID:

1. Deficits in intellectual functions.

2. Deficits in adaptive functioning.

4 An additional reason to prefer confidence intervals based on the standard
error of estimation is that when reliability is low, confidence intervals based
on the SEM are increasingly uninformative about the location of the true
score, even though the true scores become increasingly easy to locate. The
extreme case when the reliability coefficient is exactly zero illustrates this
point well. When the reliability coefficient is zero, the equation in Figure 5
implies that the true score has no variance, and Equation C5 implies that the
true score is precisely at the population mean. In this case, the equation in
Figure 6 implies that the SEM is equal to the population standard deviation.
The 95% confidence interval based on the SEM will still contain the true
score 95% of the time, but the interval is so wide that it is no help in locating
the true score, even though it is in a known, fixed position. By contrast, when
the reliability coefficient is zero, Equation C2 implies that the confidence
interval based on the standard error of estimation will also have a width of 0.
Given a reliability of zero, this might be counterintuitive, but it is fitting
because the true score has no variance, and its location is known to be exactly
equal to the population mean. Thus, though both types of confidence in-
tervals are correct as often as advertised, in the extreme case of zero reli-
ability, the confidence interval based on the SEM is uninformative and the
confidence interval based on the standard error of estimation hits the bulls’
eye every time.
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3. The onset of intellectual and adaptive deficits is observed
during the development period (i.e., childhood and
adolescence).

Based on accumulated clinical evidence, experience, and judg-
ment, sensible cutoffs have been set for diagnostic thresholds, often
with built-in buffer zones for cases in which flexibility is warranted.
In the DSM-5-TR, deficits in intellectual functions must be con-
firmed by clinical assessment and by individualized, standardized
intelligence testing. Because the 95% confidence interval for most
comprehensive intelligence tests is about 10 points wide, the
diagnostic threshold is roughly 70 = 5.

The DSM-5-TR requires that intelligence test scores must not be
the sole factor in determining deficits in intellectual functioning. The
deficits must be evident in a comprehensive clinical assessment.
Furthermore, the DSM-5-TR allows for a diagnosis of ID when
scores are somewhat above the threshold when substantial adaptive
behavior problems make the person’s actual everyday functioning
clinically comparable to individuals with 1Q at or below the
diagnostic range. In practice, individuals with observed IQ as high
as 75 can be diagnosed with intellectual disability if their adaptive
functioning deficits render their overall intellectual functioning to be
comparable to individuals with observed IQ of 70 or below.

When Scores Fall on Both Sides of a
Diagnostic Threshold

When an IQ is well below 70 or well above it, a second IQ test score
will usually also fall on the same side of the diagnostic threshold.
However, when individuals with a true score near the diagnostic
threshold are given multiple tests, there is a substantial probability that
at least some scores will fall on opposite sides of the threshold.

When faced with scores that are not on the same side of a
diagnostic threshold, we can imagine a variety of methods to decide
whether the diagnostic criteria have been met. Taking the mean
value as the best estimate has intuitive appeal because the mean is
normally an excellent measure of central tendency. Likewise, taking
the median value might normally be a reasonable alternative if
among the scores there are strong outliers of dubious accuracy.

Unfortunately, both the mean and the median introduce a known
bias that is routinely corrected in most other contexts and ought to be
corrected in this one as well.

Composite Score Calculations

To compute a composite score and its confidence interval, one
needs the observed scores, population means, population standard

deviations, and reliability coefficients of each test. The full corre-
lation matrix between all scores is also needed. Although this article
walks through the calculations one step at a time, all the calculations
presented here are automated in a freely available spreadsheet at
https://github.com/wjschne/assessingpsyche_resources/raw/main/
CompositeIQFlynn.xIsx.

Consider the IQ results in Table 1. Almost all IQ tests have a mean
of 100 and a standard deviation of 15, but there are exceptions. For
example, the Stanford-Binet IV had a mean of 100 and a standard
deviation of 16. Thus, Table 1 converts the Stanford—Binet IV 1Q
from its original metric to the common metric with a standard
deviation of 15.

The unadjusted IQs are the typical scores that would normally
be reported. The adjusted 1Qs are adjusted by the number of years
elapsed from the norming date and the testing date multiplied by
the size of the Flynn effect (Schalock et al., 2021; Floyd et al., 2021;
McGrew, 2015; Watson, 2015). The Stanford—Binet IV and WISC-
R are estimated to have a Flynn effect size of 2.94 points per decade
(Trahan et al., 2014), and the WAIS-IV and WAIS-5 are estimated to
have a Flynn effect of 1.2 points per decade (Wechsler et al., 2024;
Winter et al., 2024).

Estimating Correlation Coefficients and
Reliability Coefficients

To compute a composite score, the correlations among the scores
need to be known within a plausible range. To compute the com-
posite score’s confidence interval, the reliability coefficient of each
IQ must also be known.

Age-adjusted reliability coefficients are easily obtained from 1Q
test manuals, though it can sometimes be difficult to track down the
reliability coefficients of lesser known tests now decades out of
print. Often contemporary test reviews (e.g., from the Buros Center
for Testing) contain such information. When a direct estimate is
unavailable, internal consistency reliability coefficients for com-
prehensive IQ tests can safely be assumed to be in the range of .94 to
.98, with .96 as a conservatively low point estimate for tests intended
for adults and adolescents and .95 for tests intended for children.

Estimating correlations among test scores is not as straightfor-
ward as estimating reliability coefficients. Correlations between 1Q
measures are influenced by a variety of moderating variables,
including the age of the person, the length of the retest interval, and
the content emphases or domain sampling of the specific batteries in
question (Breit et al., 2024). For this reason, direct estimates of
correlations are preferred whenever possible. For example, the
WAIS-5 Technical Manual (Wechsler et al., 2024) reports that from

Table 1
1Q Test Scores for a Hypothetical Individual Born on April 5, 1982
Date 1Q

Test Age Normed Tested Unadjusted Adjusted Flynn Ixx
SB-IV* 6.5 1985 October 2, 1988 75.6 74.5 2.94 .96
WISC-R 8.0 1972 April 14, 1990 74.0 68.6 2.94 .96
WAIS-IV 36.3 2008 July 7, 2018 71.0 69.7 1.20 .98
WAIS-5 43.1 2024 April 30, 2025 75.0 74.8 1.20 98
Note. SB-IV = Stanford-Binet Intelligence Scale, Fourth Edition; WISC-R = Wechsler Intelligence Scale, Revised;

WAIS-IV = Wechsler Adult Intelligence Scale, Fourth Edition; WAIS-5 = Wechsler Adult Intelligence Scale, Fifth Edition.
#SB-IV 1Q was 74 in its original metric with standard deviation = 16.


https://github.com/wjschne/assessingpsyche_resources/raw/main/CompositeIQFlynn.xlsx
https://github.com/wjschne/assessingpsyche_resources/raw/main/CompositeIQFlynn.xlsx
https://github.com/wjschne/assessingpsyche_resources/raw/main/CompositeIQFlynn.xlsx
https://github.com/wjschne/assessingpsyche_resources/raw/main/CompositeIQFlynn.xlsx
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a sample of 186 individuals aged 16-90, the correlation of the Full
Scale IQ from the WAIS-IV and the WAIS-5 was .92. The mean
interval between administrations was 28 days (range = 7—134 days).
If, for some reason, a person was given both the WAIS-IV and the
WALIS-5 within a comparably short interval, then the .92 stability
coefficient is a good guess as to what the correlation between the
scores should be.

Itis not always possible to find a large longitudinal study in which
there are direct estimates of the stability coefficient for people with
the same age, retest interval, and IQ battery pairing as needed to
calculate the composite IQ for an individual. In this case, an estimate
based on the best available evidence is necessary. For example, the
meta-analytic models from Breit et al. (2024) provide reasonable
estimates of IQ correlations based on data from 205 longitudinal
studies of 87,408 participants total. Figure 8 shows the formula for
estimating the stability coefficient for two 2 1Qs, using the best
fitting model for IQ from Breit et al.’s Table 3, adjusting for whether
the longitudinal IQ pairs came from different batteries (e.g., WISC-
III and Woodcock—Johnson III) or were the same test/same family
(e.g., WISC-IV and WAIS-IV).

As shown in Figure 9, the stability coefficient is higher for adults
than for children and adolescents. As expected, the stability coef-
ficient decreases with longer retest intervals, though the decreases
become smaller over time, and the stability coefficient curve ap-
proaches an asymptote. Each curve in Figure 9 is estimated to be
lower by .104 if the two tests are from different test battery families
(e.g., Wechsler and Stanford—Binet).

Assemble the Full Correlation Matrix of the Scores

The full correlation matrix of the scores includes the upper and
lower halves of the matrix, as well as the ones on the diagonal. For
the scores in Table 1, we can estimate the correlations using the
equation in Figure 9. The resulting estimated stability coefficients (r)
are shown in Table 2.

The correlations from Table 2 can be assembled into a full 4 X 4
correlation matrix R in Equation 2.

1 .67.52.52
.67 1 .65.65
52.65 1 .79
52.65.79 1

Choose a Weighting Scheme

Composite scores generally should be unit-weighted (i.e., all
scores are equally weighted), as these are generally more robust than
composites made with other weighting schemes (Wainer, 1976).
Brief 1Q batteries are often given for screening purposes or for

Figure 8
Predicted Stability Coefficient as a Function of Age, Retest Interval,
and Battery Difference

r =716 — .003e~28(A=20) 4 95138/ =5) _ 104 D

Stability Coefficient Age (in years) Retest. Interval Different Battery Family
(in years) (

1= Different; 0 = Same)

Figure 9
Stability Coefficients Based on Best Fitting Model for General
Ability From Table 3 in Breit et al. (2024)
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periodic reevaluations after a comprehensive test has already been
given. In isolation, brief IQ batteries are insufficiently reliable and
comprehensive for diagnosing ID. If the brief score is already
present in the person’s records, it may be reasonable to include it in a
composite IQ estimate, but it most likely should be given less weight
than comprehensive 1Qs.

In rare situations, it is reasonable to downweight a test score if the
score’s accuracy is in question, but there is not enough evidence to
throw the test score out completely. For example, the examiner’s
evaluation report might record that rapport was never fully estab-
lished, and the examiner could not tell if the examinee’s best effort
was obtained. To keep things simple and consistent, we recommend
that any test that is downweighted be given a weight of .5 instead of
1 if there remains justification for retaining the score at all.

The weights can be placed in a vector (i.e., sequence of numbers)
called w. In the most common application, vector w consists entirely
of ones as in Equation 3.

w = {Wl’ Wo, W3, W4}

= {1,1,1,1}. ®

If Test 3 is given a weight of .5, the weight vector will look like
Equation 4.

w={l,1,.51}. @)

A Weighted Sum

A simple sum is simple enough. A weighted sum gives more
weight to some elements than others. In matrix notation, if X is a
vector of k scores and w is a vector of k weights, then a weighted sum
is w'X (see Equation 5).
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Table 2
Estimated Stability Coefficients (r) for Hypothetical Individual
Test Age

Time 1 Time 2 Family Time 1 Time 2 Interval Estimated r
SB-1IV WISC-R Different 6.5 8.0 1.5 .67
SB-IV WAIS-IV Different 6.5 36.3 29.8 52
SB-IV WAIS-5 Different 6.5 43.1 36.6 .52
WISC-R WAIS-IV Same 8.0 36.3 28.2 .65
WISC-R WAIS-5 Same 8.0 43.1 35.0 .65
WAIS-IV WAIS-5 Same 36.3 43.1 6.8 79
Note. SB-IV = Stanford-Binet Intelligence Scale, Fourth Edition; WISC-R = Wechsler Intelligence

Scale, Revised; WAIS-IV = Wechsler Adult Intelligence Scale, Fourth Edition; WAIS-5 = Wechsler

Adult Intelligence Scale, Fifth Edition.

-Wl X
wy | | X2
wX = !
wi | | Xk
X )
- X2
= W] W2 Wk
X

=W1X1 +W2X2 + ... +Wka.

In the computation of a weighted composite score, we need to
compute the weighted sum of score deviations from the population
mean py (see Equation 6).

WX —p) =wi (X —p) +wi (X — ) + ...

+ wi(Xg = py)- )

In our hypothetical example, the weights are all ones. Thus, for the
unadjusted 1Qs, the sum of the deviations is computed as in Equation 7.
w/(X —p) = 1(75.6 — 100) + 1(74 — 100) + 1(71 — 100)
+ 1(75 = 100)
=-104.4.

@)

For the adjusted IQs, the sum of the deviations is —112.3.

The Standard Deviation of a Weighted Sum

The standard deviation of the sum of many variables is the square
root of the sum of the variables’ covariance matrix. The covariance
between a single variable X and a single variable Y is 6xy = 6xOyrxy-
For a vector of many variables X = {X; + X, + ... + X} with
standard deviations in vector 6 ={o, + 06, + ... + 0}, the
covariance matrix X is comptuted as is Equation 8.

¥ = diag(o)R diag(o). (8)

The diag operator converts a vector into a diagonal matrix (i.e.,

the vector is in the diagonal of the matrix, and all other values are 0).

In our hypothetical example, the covariance matrix is computed as in
Equation 9:

¥ = diag(o)R diag(o)

[150 0 0 1 .67.52.52(1150 0 0
01500 .67 1 .65.65 0150 0

B 00150 52651 .79 00150
L0 0 015]].52.65.79 1 00015 9)

[225.00150.18 116.39 115.96
150.18 225.00 147.14 146.61
116.39 147.14 225.00 177.73

| 115.96 146.61 177.73 225.00

The standard deviation of a weighted sum is the sum of the
weighted covariance matrix, calculated as in Equation 10.

og = VW Zw.

The expression w'Zw means “make a weighted sum of the matrix
2.” In a unit-weighted composite, the expression reduces to the
simple sum of the entire covariance matrix. In the current example,
o, ~ 51.07.

10)

Computing the Composite 1Q

The equation in Figure 10 for computing a composite score might
look complicated at first, but it is not so difficult after spending time
with it. If the composite is unit-weighted and all scores have a mean
of 100 and a standard deviation of 15, the formula becomes even
easier—sum the score deviations from 100, divide by the square root
of the sum of the correlation matrix, and add 100.

In our hypothetical example, the weighted sum of the unadjusted
IQ deviations was calculated using Equation 6 to be —104.4, and
the square root of the weighted sum of the covariance matrix was
calculated using Equation 10 to be 51.07. Thus, the unadjusted
composite score is computed with Equation 11.

WX — py)
VW Zw

-104.4
100
51.07 *

~ 69.3.

C=o¢ + He

an

~ 15
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Figure 10
Formula for Weighted Composite Scores

Weighted (w) Sum
of Score Deviations
from the Population
Mean (X — px)

w'(X—px)

\/ wWEw

Weighted Composite
Sum of the Mean
Covariance e = 100
Matrix X

Composite
Standard
Deviation
oc = 15

C = o¢

Composite
Score

+ U

Applying the formula from Figure 10, the composite IQ using
adjusted 1Qs is 67.0.

Computing the Weighted Composite Confidence Interval

To compute the confidence interval, the composite reliability
coefficient is needed first. The equation for the reliability coefficient of
the composite in Figure 11 is simpler than it looks. The denominator is
the weighted sum of the correlation matrix. The numerator is the same
as the denominator except that the diagonal of ones has been replaced
with the vector of the tests’ reliability coefficients.

In our example, the reliability coefficient is computed with
Equation 12.

w(R + diag(pxx —1))w
Pcc =

wRw
[.96.67.52.527 [1
.67 .96 .65 .65 1
52.6598.79| |1
1.52.65.79.98 | | 1
1 .67.52.527[1
67 1 6565 |1
1

1

12

52.65 1 .79
(1] [.52.6579 1 |
9896.

Q

The standard error of estimation of the composite C is obtained
with Equation C2, and the 95% confidence interval is constructed by

Figure 11
Formula for the Reliability Coefficient of a Weighted Composite

Test
Reliability

Weight Correlation Coefficient
Vector Matrix Vector
/ .
w' (R + diag (pxx — 1)) w
pcc =
/

comoc w'Rw
omposite
ReIlablI.ny Weighted Sum of the
Coefficient Correlation Matrix R

applying the equation in Figure C3 (see Appendix C) as seen in
Equation 13.

95% Cl= pcc(C = pc) + He £ 2056¢V/ Pec = Pec

19896(69.3 — 100) + 100 + 1.96 - 15v/.9896 — .98967
~ 69.66 + 2.98

~ [67,73].

Q

13)

The 95% confidence interval for the composite IQ adjusted for
norm obsolescence is approximately 64—70.

Because composite scores are generally more reliable than the
individual scores they summarize, their confidence intervals are
narrower as well. As seen in Figure 12, the confidence interval width
narrows as the number of scores increases. The width of confidence
interval also depends on how reliable the individual scores are on
average and the average correlation among the scores. For example,
a single score with a reliability of .97 has a 95% confidence interval
that is 10 points wide. If five such scores with an average inter-
correlation of .8 are combined into a composite score, the confidence
interval width narrows to half its original size.

Recommendations for Creating Composite 1Qs

The process of computing an overall composite IQ requires much
more than the simple application of formulas. Before any com-
putations are possible, a wide range of nonquantitative influences on
IQ test results must be considered and interpreted via the careful,
consistent, and rigorous application of clinical judgment and pro-
fessional ethics. We present here a set of recommendations about the
nonquantitative decisions and interpretations that precede compu-
tation of overall composite 1Qs.

Consider the Influence of Carryover Effects

Carryover effects describe how past assessments influence sub-
sequent assessments negatively or positively. Carryover effects can
occur within testing sessions and between testing sessions.

Fatigue effects, broadly conceived, refer to situations in which
previous testing reduces a person’s ability and/or motivation to per-
form. Experienced clinicians set the conditions for optimal test per-
formance and closely monitor examinees for signs of fatigue,
discouragement, and loss of motivation to perform. Most evaluation
reports include statements by the clinician about whether the examinee
was willing and able to give the test their best effort. If the clinician
does not believe that the examinee performed to the best of their
ability, the test should probably not be combined with a score obtained
under more favorable circumstances. An emerging standard of practice
in clinical contexts is now to include measures of performance validity
as a component of evaluations that include maximum performance
ability tests (versus typical performance measures like adaptive
behavior; Cronbach, 1994) such as measures of 1Q, achievement,
memory, or other neuropsychological functions (Sweet et al., 2021).

Practice effects, broadly conceived, refer to ways in which having
been tested before results in higher scores than would otherwise have
been obtained. According to the APA Dictionary of Psychology
(VandenBos, 2007), a practice effect is “Any change or improvement
that results from practice or repetition of task items or activities”
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Figure 12
The Effect of Single-Test Reliability and the Number of Tests in the
Composite on the Composite’s Confidence Interval Width

25

2 e 203

95% Confidence Interval Width for Composite 1Q

2
Number of 1Q Tests Given

(p- 719). For example, tests that give time bonuses to solve puzzle-
like tasks can be solved more quickly the second time if one simply
remembers the solution (or a previously used task-specific strategy)
rather than working it out anew. Tests with manipulable parts typ-
ically have larger practice effects than nonmanipulable tasks. Practice
effects are not to be misunderstood as an individual engaging in actual
deliberate “practice” on intelligence test items or tasks. Instead, it
refers to increases to scores from the repeated exposure to test items
and tasks that are not due to a true change in a person’s abilities
(Heilbronner et al., 2010). The explanation is that some form of
incidental learning occurs during the taking of an IQ test, most
typically involving performance or nonverbal subtests (Greenspan &
Olley, 2015; Kaufman & Lichtenberger, 2006). The practice effect
professional and research literature is large (Goldstein & Saklofske,
2010; Kaufman & Lichtenberger, 2006; Scharfen et al., 2018) and
cannot be covered in depth in this article.

In general practice, effects on IQ tests over short intervals (3—-6
months) are about 4-7 points, on average (Basso et al., 2002; Estevis
et al., 2012; Wechsler, 2008; Wechsler et al., 2024). Longer term
intervals (1-3 years) are associated with minimal practice effects in
children, particularly with verbal measures (Watkins & Smith, 2013;
Watkins et al., 2022), and 1-3 points in adults (Bartels et al., 2010).
After 5-7 years, most practice effects are minimal in adults (Calamia
et al., 2012). Furthermore, practice effects tend to be smaller and
shorter lived in older adults and in clinical groups that tend to score
low on IQ tests (Calamia et al., 2012; Edgin et al., 2017; Jutten et al.,
2020; Winter et al., 2024).

Currently, there are no scientific or professionally accepted
methods or equations for adjusting scores for practice effects.
Instead, if it is plausible that practice effects should alter the
interpretation of the scores, examiners should present the original
scores and an estimate of how much the practice effect might have
influenced the scores. For example, for an individual given the same
test twice, 1 month apart:

Mr. Johnson’s Full Scale 1Q on the second administration of the WAIS-5
was 76, 6 points higher than the Full Scale IQ of 70 on the first
administration. When the same intelligence test is given twice over a
short time period, most people score higher on the second administration,
often because they recall the test items and can perform the tasks more
quickly. The various reasons people tend to score higher on a second
round of testing are known collectively as practice effects. Over short
intervals of a few months, practice effects often result in IQ results
increasing by about 4-7 points, on average. Thus, Mr. Johnson’s second
Full Scale IQ result is well within expectations and should be regarded as
essentially equivalent to the first result.

Consider the Influence of Norm Obsolescence

Norms for ability tests do not necessarily stay fixed across gen-
erations. For example, U.S. soldiers in World War II performed much
better than did soldiers in World War I on the Army General
Classification Test (Tuddenham, 1948). Indeed, for most of the 20th
century, IQ test scores increased steadily in the United States and over
70 countries in which the phenomenon was studied (Flynn, 1984,
1987; Trahan et al., 2014; Wongupparaj et al., 2023). Generational
increases in cognitive ability scores are called “Flynn effects” in
honor of James Flynn, who first presented systematic and persuasive
evidence of this widespread, long-standing trend. Psychologists and
psychological measurement experts typically describe the Flynn
effect as resulting from a “softening” of IQ test norms with the
passage of time that results in a person’s IQ test performance
“comparison to a historical reference group from the past—not the
person’s contemporary peers” (McGrew, 2015, p. 155).

The size of Flynn effects varies over time, place, population, and
ability type. Although cognitive scores, on average, continue to
increase steadily in developing and middle-income countries, there
is increasing evidence that the growth in scores may have slowed in
recent decades in the United States and may have reversed in parts of
northern Europe (Dutton et al., 2016; Dworak et al., 2023; Platt et
al.,, 2019; Wongupparaj et al., 2023). Whereas growth in the
Wechsler intelligence tests held steady at about 3 points per decade
until the WAIS-IV and Wechsler Intelligence Scale for Children,
Fifth Edition (Weiss et al., 2015), the growth from the WAIS-IV to
the WAIS-5 was only 1.2 points per decade (Winter et al., 2024).

Because ability test norms tend to shift over the decades, they are
revised and renormed regularly to minimize distortions in diagnosis
and classification rates (Kanaya & Ceci, 2010). Before it was clear
how consistent Flynn effects were in the 20th century, intelligence
tests were revised less frequently than is typical today. For example,
26 years elapsed between the first edition of the WAIS (1955) and
the Wechsler Adult Intelligence Scale, Revised (1981). If scores
rose 3 points per decade, a person given the 1955 WAIS in 1981 in
the last year of its lifecycle would be predicted to score 7.8 points
higher than if the person had been given the then-new Wechsler
Adult Intelligence Scale, Revised. To minimize such interpretive
difficulties, most publishers of IQ tests now make efforts to revise
tests or provide updated norms within 10-15 years of publication.
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When making lower stakes decisions, a clinician can informally
manage distortion due to norm obsolescence (McGrew, 2015).
In capital cases, every point counts, and the effects of norm
obsolescence must be considered in a rigorous, systematic way. In
most contexts, psychologists do not present scores corrected for the
Flynn effect (Hagan et al., 2008). Usually, there is no need for
corrected scores, and typically, an accurate estimate of the size of the
correction is not known until the test is already outdated. A capital
case is one of the few contexts in which it is both vital and possible to
calculate accurate score corrections (Schalock et al., 2021; Floyd et
al., 2021; McGrew, 2015; Watson, 2015).

Forensic psychologists working on capital cases routinely eval-
uate scores from superannuated tests in which the size of the Flynn
effect for that test is known. Grégoire et al. (2016) recommended
using direct estimates of Flynn effect sizes whenever possible. For
example, the WAIS-5 Technical and Interpretive Manual (Wechsler
et al., 2024) reports that the size of the Flynn effect in the change
from the WAIS-IV to the WAIS-5 is 0.012 points per year. Grégoire
et al. also noted that the size of the Flynn effect can depend on a large
number of factors (e.g., age and ability level) that should be taken
into account when appropriate, in accordance with the best available
evidence. Even though it may be difficult to estimate for some tests
and over time, as the size of the Flynn effect may change, application
of the Flynn correction in high-stakes decision making should be
implemented to obtain the most accurate estimates of intellectual
function possible (Floyd et al., 2021; McGrew, 2015; Reynolds et
al., 2010; Watson, 2015).

When direct estimates of Flynn effect sizes are not available, up-
to-date meta-analytic estimates are reasonable substitutes (Grégoire
et al., 2016). For IQ from comprehensive intelligence tests up to the
first decade of the current century in the United States, the Flynn
effect was about .294 points per year (Trahan et al., 2014). In the
past 2 decades, it is likely that the rate of growth has slowed (Winter
et al., 2024) and may be in the process of reversing (Dworak et al.,
2023). Even so, in some samples, it appears that meaningful gains
are still occurring at the lower end of the ability distribution (Flynn
& Shayer, 2018; Oberleiter et al., 2024). Anyone practicing the
diagnosis of ID needs to stay contemporary with the continuously
developing Flynn effect literature and apply the best available
research outcomes in practice.

Combine Scores That Are Conceptually Coherent

A composite score needs to consist of conceptually related scores
intended to measure the same attribute or closely related functions.
Individually administered, nationally representative, comprehensive
general intelligence tests are measures of global cognitive func-
tioning and should only be combined with other similar measures of
global cognitive functioning. Intelligence consists of at least eight
interrelated broad abilities, possibly more (Carroll, 1993; Schneider
& McGrew, 2018). Comprehensive tests not only need to be suf-
ficiently reliable to permit high-stakes decisions about individuals,
but they also need to include a diverse set of measures of multiple
broad abilities. It is recommended that comprehensive tests of
general intelligence sample at least three (preferably more) broad
abilities (Schalock et al., 2021; Floyd et al., 2021).

Clinicians often administer standalone measures of specific cog-
nitive abilities within the domains of attention, memory, perception,
executive functions, language, and knowledge to understand the

nature of a person’s strengths and difficulties. Many people, including
individuals with ID, have one or more specific ability scores well
above or well below their IQ (Bergeron & Floyd, 2006, 2013;
Bergeron et al., 2023). By definition, specific ability scores are not
designed to measure overall intellectual capacity. Thus, although
intelligence tests include measures of specific cognitive abilities, IQ
should not be combined into a single composite score with standalone
measures of specific cognitive functions (e.g., a global IQ combined
with a measure of visual working memory).

Only Combine Scores Deemed to Be Validly Obtained

1Q results can be compromised for a variety of reasons, including
malingering, intoxication, fatigue, brief psychosis, administration
errors, and poor rapport with the examiner. Scores believed to be
inaccurate ought not to be combined into a composite score.

Combine Scores Deemed to Be Comparable Estimates of
Overall Intellectual Functioning

Intelligence test scores should be combined only when they are
thought to estimate the person’s long-standing overall capacity to
reason, learn, and adapt. If we have reason to believe that a person’s
overall intelligence has changed dramatically because of a head injury,
for example, it would be a mistake to combine scores obtained before
the injury with scores obtained after the injury. Likewise, scores before
and after the onset of dementia, schizophrenia, or other brain diseases
known to lower cognitive capacity should not be combined.

Limitations and Future Directions

Ideally, future research will allow for more precise estimates of
norm obsolescence, practice effects, and stability coefficients con-
ditioned on relevant conditions.

Conclusion

The diagnosis of ID is a profound and life-changing event. The
process of determining ID status must use the best available
methods. When multiple IQ results are available, the information
must be combined in a rigorous, systematic way. When so combined
into a composite score, this score should be interpreted in the context
of expert-based clinical judgment. We have demonstrated that when
relevant and comparable 1Q results are combined, they should be
combined into proper composite scores, like how 1Q itself or any
other composite score is constructed. We have emphasized the
application of this method of combining scores to the diagnosis of
ID; however, the method is applicable to any set of scores where it
would be informative to know what the composite of these scores
would reveal and when it is reasonable to combine the scores from
the set of tests being considered.
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Appendix A

Technical Terms Defined

Table A1
Explanations of Technical Terms
Term Symbol Meaning

Observed score X The score obtained by a person on a specific test.

True score T The average score a person would obtain on a specific test if it could be administered repeatedly
without carryover effects under a variety of plausible testing circumstances and environments.

Reliability coefficient Pxx The ratio of true score variance to observed score variance (often estimated from the correlation
of scores from a test given twice).

Population mean p The mean score of a particular population on a specific test.

Population standard deviation c The standard deviation of scores of a particular population on a specific test.

Standard error of measurement o7 _ The standard deviation of the distance between true scores and observed scores.

Standard error of estimation Gr_¢ The standard deviation of the distance between true scores and estimated true scores.

Confidence interval CI
Expected value

A range of scores that has a specified probability of containing the true score.
A function that returns the long-term average of a random variable.

Appendix B

Random Variables and Descriptive Statistics

A random variable has values determined by a random process
(e.g., a coin flip). A person’s score on an IQ test is the sum of many
random variables, including an idiosyncratic shuffle and mixing of
parental genes, the twists and turns of personal experience, and
moment-to-moment fluctuations of measurement error.

The expected value operator €() is a function that takes the long-
term average of the value inside the parentheses. Thus, the expected
value of the random variable X is the population mean (p) (see
Equation B1).

e(X) = py. B

The deviation of any particular value of X from its population
mean is computed with Equation B2.

X - py. (B2)

We would like to know the typical size of a variable’s deviation
from its mean. Taking the mean of all deviations is not helpful
because the average deviation is always exactly O (see Equation B3).

e(X — py) = e(X) —e(py)
= Hx — Hx
=0.

(B3)

To make all deviations positive, we square them first. The average
squared deviation is a statistic called the variance (6?), as seen in
Equation B4.

o} = e((X = py)?). (B4)

The typical size of a deviation is a statistic called the standard
deviation (c), which is the square root of the variance (see
Equation BS).

ox = 1/0%. (B5)

Thus, the standard deviation is a special kind of average for
deviations—the square root of the average squared deviation (see
Figure B1).
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Figure B1
The Standard Deviation Is the Square Root of the Average Squared
Deviation From the Population Mean

Oox — S(X—,uX)2

Population Expected Observed Population
Standard Value Score Mean
Deviation Operator

Note. The expected value operator € is a function that returns the long-term
average of a random variable.

It is useful to summarize how related two variables are. One such
measure, the covariance, is the average product of two variables’
deviations from their respective means (see Equation B6).

oxy = €((X — px) (Y — py)). (B6)

If X and Y tend to deviate from their respective means in the same
direction, the product of their deviations will be large, on average. If
their deviations are unrelated, the average product of their deviations
will be zero. If two variables tend to deviate from their respective
means in opposite directions, the average product of their deviations
will be negative.

The covariance is called an unstandardized statistic because the
values it produces do not have a fixed, standardized interpretation. A

covariance of 10, for example, could represent a strong relationship
between two variables or a very weak relationship, depending on the
size of the variables’ standard deviations.

To obtain a standardized measure of the relationship between
variables, it can be useful to convert variables to have a common metric.
To standardize a variable means to convert variables so that they have a
mean of 0 and standard deviation of 1 using the z-score formula (see
Equation B7).

_X -y
Zx—T.

(B7)

The correlation between two variables X and Y measures the strength
of linear relationship between the two variables. The most commonly
used correlation coefficient, the Pearson product-moment correlation
(p), is the average product of their z-scores (see Equation BS).

pxy = €(zxzy). (B®)

A correlation coefficient is a standardized covariance because it is
the covariance of two standardized variables (z-scores). More
importantly, the correlation coefficient is a standardized statistic
because its interpretation is the same for any pair or variables.
Correlations range from —1 to 1, with values near 0 indicating weak
relationships and values near —1 or 1 indicating strong negative or
positive relationships, respectively.

Appendix C

Reliability, Standard Error of Measurement, and Confidence Intervals

Standard Error of Measurement

Because true scores 7 and measurement errors e are uncorrelated,
the variance of an observed score 6% is the sum of true score variance
and the error variance, as shown in Figure C1.

From the equation in Figure Cl, solving for o%, we see that
6% = 6% — o2. Therefore, substituting into the equation in Figure 5,
and solving for o,, as seen in Equation C1.

2

o
_Oor

Pxx = =
Ox

2 _ 2
CxPxx = OT

2 _ 2 2
OxPxx = Ok — O¢

2 _ 2 2
¢ = Ox — OxPxx

2 7
Ox — OxPxx

Ox—_1 =0, =0xv1 —pxx

(&3]
O,

G, =

Standard Error of Estimation

Both the standard error of measurement (SEM) and the standard
error of estimation derive from the reliability coefficient. Whereas the
SEM oy _ 7 represents the typical distance from the observed score X
to a true score 7, the standard error of estimation is the typical distance
from an estimated true score 7 to the actual true score 7. Thus, in this
context, the standard error of estimation can be symbolized as 64 _ ;.

The standard error of estimation is always smaller than the SEM
because it is the SEM multiplied by the square root of the reliability
coefficient, which is a value always less than 1 (see Equation C2).

671 = Ox-1v/Pxx
= ox\/Pxx — Pxx
=15V.97 - 97%
~ 2.56.

(€2)

The 95% margin of error is obtained by multiplying the standard
error of estimate by the z-score associated with the middle 95% of
the normal distribution (zg5¢, &~ £1.96). Thus, the margin of error is
computed with Equation C3.

95% Margin of Error = 256,65 _ - (C3)

Figure C1
Observed Score Variance Is the Sum of True Score Variance and
Error Variance

2

2 9
Oy = Op + O,

Observed-Score True-Score Error |
Variance Variance Variance

(Appendices continue)
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Estimated True Scores

In simple linear regression, the best linear equation for predicting
one variable with another is seen in Figure C2.

Starting with the equation in Figure C2, we can substitute
T for Y, remembering that py = p; and pyy =:—§T(= p%r (see
Equation C4):

. ©
T= leT(X —Hx) + By

Cx
. o
T = /5vVpxr(X —px) + 1x

Ox Cc4)

T= Pxxv/Pxx (X = py) + py
T= Pxx (X = 1x) + By

The estimated true score 7 of an IQ = 70 with a population mean
of p =100 and a reliability coefficient of pxx = .97 is calculated via
Equation C5:

Figure C2

T = pyx(X — ) + by

. (C5)
70.9 = .97(70 — 100) + 100

Confidence Intervals

The confidence interval is the combination of a point estimate (7"
and a two-tailed margin of error (z6; _ ;). Combining Equations C2
and C5, the equation in Figure C3 gives the 95% confidence interval.

Inserting the values at hand, the 95% confidence interval for X is
computed with Equation C6.

95%CI =T + 29565 _
= pxx(X — px) + Hx & 2056x/Pxx — Pxx
=.97(70 — 100) + 100 + 1.96 - 15V.97 — 972
~70.9 £ 1.96 X 2.56
~70.9 +5.02
~ [65.88,75.92]
~ [66.76].

(Co)

Simple Linear Regression Equation in Which X Predicts Y

Standard
Deviation of ¥

Predictor X

Y = ox PXY
Predicted ¥ |

Standard
Deviation of X

Correlation
of Xand Y

Figure C3

(X —MX) + My

Mean of X | Mean of Y |

The 95% Confidence Interval of an Observed Score X

Estimated True Score 7'

Standard Error of Estimation ;.

95% CI = pX)(<X — ,u)() + pux :|:Zg)50"\'\/ PXX — p%(X

Reliability Observed Population
Mean

Coefficient Score

Population
Standard Deviation

95%
z-Score
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