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Judith M. Conijn, Mengdi Chen, Hanneke van Ewijk,
and L. Andries van der Ark

Abstract In ADHD assessment, discrepancies between informants’ test scores
complicate decision-making with respect to treatment and educational adaptations.
These informant discrepancies may be due to meaningful differences such as
variations in assessed behavior across settings (i.e., school vs. home) but may
also be due to response biases or unsystematic error. We propose using response-
pattern-based validity indices for studying which is the most plausible of the two
explanations. These indices detect invalid test scores through identifying extreme,
repetitive, or inconsistent response patterns. To illustrate the use of validity indices
for interpreting informant discrepancies, we used a subset of data (N = 431) from
the self-report and parent-report version of Conners ADHD rating scales collected in
the NeuroIMAGE study. Pairs of self-report and parent-report scores were classified
as either discrepant or non-discrepant, and validity indices were applied to classify
self- and parent-report scores as suspect (i.e., potentially invalid due to rater effects)
or not. Finally, we demonstrate how information from validity indices can be taken
into account in diagnostic decision-making.
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18.1 Introduction

Attention-deficit hyperactivity disorder (ADHD) is defined as a disorder with
symptoms present in two or more settings (such as home, school, or work) with
functional impairment in at least one of these settings. In an educational setting, a
student’s inattentiveness symptoms of ADHD, for example, may lead to difficulties
in following instructions, organizing, and completing assignments. For diagnosing
ADHD, data are commonly collected from multiple sources, for example, self-
reports and informant reports from teachers, parents, or peers (Achenbach, 2006;
De Los Reyes, 2011; Dirks et al., 2012). Typically, informants assess student’s
inattentiveness symptoms of ADHD on a multi-item checklist, and the item scores
are then added to a total symptom score. Collecting data from multiple informants
is crucial for decision-making considering that one of the criteria for an ADHD
diagnosis is the presence of symptoms across multiple contexts.

An important problem for researchers, school psychologists, and clinicians
working with data on symptom severity from multiple informants is that different
informants may not provide the same score, which is known as informant discrep-
ancy (De Los Reyes et al., 2019; De Los Reyes & Kazdin, 2005; Martel et al., 2017).
For example, Nelson and Lovett (2019) found that students’ self-reports on ADHD
symptoms showed only moderate correlations (r = .3 − .5) with parent reports.
An analysis of response validity showed that a large part of the discrepancies could
be explained by students and parents reporting inconsistent symptoms or students
overreporting symptoms to obtain the academic benefits of an ADHD diagnosis
(e.g., extended testing time for taking exams).

In scientific research on ADHD, informant discrepancies may lead to biased
research conclusions because informants may provide different or even contra-
dictory information. However, in educational practice informant discrepancies
are particularly problematic. They complicate individual treatment decisions and
decisions regarding academic benefits, as clinicians or school psychologists need to
base their diagnostic decisions on discrepant information (De Los Reyes & Kazdin,
2005; De Los Reyes et al., 2019; Smith, 2007). Nevertheless, as Martel et al.
(2017) already noticed, there have been conducted only few studies that propose
and evaluate solutions for handling discrepancies in practical settings.

In the current study, we propose that the use of validity indices can solve part
of the difficulties due to informant discrepancies in individual decision-making.
This approach can be applied to the assessment of ADHD—as demonstrated in the
example below. However, the approach is general and can be applied to all sorts
of contexts in which educational—and also clinical—decision-making is based on
multiple informants providing data on the same set of symptoms. Before explaining
our approach, we first discuss several existing methods for dealing with informant
discrepancies, which also depend on the specific cause of the discrepancy.
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18.1.1 Approaches and Explanations for Informant
Discrepancies

A first strategy to mitigate the effect of informant discrepancies is to combine the
item scores of multiple informants into a single item score. For example, there are
approaches that minimize the Type I error (an item score equals 1, if and only if all
informants rated the symptom as present) and approaches that minimizes the Type II
error (an item score equals 1, if at least one informant rated the symptom as present).
Alternatively, Martel et al. (2017) used the average across respondents of the total
symptom score. In an empirical comparison of these three approaches, Martel et
al. (2015) found the averaging method to be most valid for determining the total
number of children’s ADHD symptoms and taking diagnostic ADHD decisions. A
second strategy is to select the score of a specific informant that has been shown to
produce the most useful or valid score in empirical research. This informant is called
the optimal informant (Bird et al., 1992; Kraemer et al., 2003). Research has shown
that the optimal informant depends on the characteristics of the informants and
constructs measured. For example, Smith (2007) developed a model that combines
three characteristics (age, setting, and construct type) to help in deciding the optimal
informant in the assessment of child psychopathology based on previous research
results (e.g., incremental validity coefficients).

A third approach for dealing with discrepancies is the general framework of
De Los Reyes et al. (2013, 2019): the operations triad model. In this approach,
the chosen method for handling informant discrepancies depends on the main
explanation for the informant discrepancies. The first possible explanation is the
presence of meaningful variation across reports due to differences in observed
behavior. For example, if a child’s behavior varies between school and home, a
possible discrepancy between parents and teacher’s informant reports may be due to
true differences in observed behavior (Dirks et al., 2012; De Los Reyes et al., 2009;
Martel et al., 2017). Secondly, error sources may explain informant discrepancies.
Error sources may be due to poor psychometric properties of a given informant
measure (i.e., poor reliability or validity of a questionnaire) in a specific sample, or
methodological issues such as differences in item content between the two versions
of a questionnaire (De Los Reyes et al., 2013).

Based on the two main explanations for informant discrepancies, the operations
triad model outlines how researchers may deal with informant discrepancy, for
example, as evidenced by an unexpected low correlation between scores of different
informants that should assess the same construct. In short, it is argued that a lack of
correspondence between scores of different informants may be meaningful and, in
that case, the scores reported by all informants should be used as separate variables
in a study. However, before concluding that informant discrepancies are meaningful
and adjusting the analyses accordingly, researchers should first systematically rule
out that informant discrepancy is due to error sources. To this end, researchers
should examine reliability indices for each of the informant measures and validity
indices such as correlations representing convergent or divergent validity. If the
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psychometric properties of both informant measures are favorable in the population
of interest and no other methodological issues can be identified (e.g., differences
in the item wording of the two informant measures) that can explain informant
discrepancies, support for meaningful differences between informant scores is found
(De Los Reyes et al., 2013, 2019). Instead of being averaged or combined into
a single variable, the scores should then be treated as separate yet dependent
observations in further analyses, for example, extensions of the generalized linear
model that account for correlations among dependent variables.

18.1.2 Rater Effects as an Additional Explanation for
Informant Discrepancy

The operations triad model could be regarded as the more sophisticated and
advanced approach for dealing with informant discrepancy since it takes the
source of the discrepancy into account. Moreover, the psychometric analyses and
methodological checks proposed in the operations triad model seem to be an
appropriate approach for assessing whether error sources can explain informant
discrepancy in group-level research. On the other hand, these analyses do not
provide a sufficient means to assess whether the response pattern of a specific
individual respondent is reliable and valid. Even when a measure shows adequate
psychometric properties in the population of interest, rater effects may compromise
the accuracy of the test score of an individual respondent (e.g., Martel et al., 2015).

Rater effects can be manifested as response biases or unsystematic error in a
response pattern. Response biases, for example, include social desirability bias,
overreporting, underreporting, or malingering (Martel et al., 2017; Smith, 2007).
Unsystematic error can be due to careless responding when respondents face
complicated questions, lack of motivation, a too lengthy test, or environmental dis-
tractions (Meade & Craig, 2012). Low cognitive or reading skills and idiosyncratic
interpretation of item content may also result in unsystematic error (e.g., Meijer et
al., 2008; Smith et al., 2010). If rater effects are substantial, they result in invalid test
scores and are likely to generate informant discrepancies (e.g., Martel et al., 2015).

Rater effects are mainly problematic for individual decision-making. In group-
level research, the different types of rater effects that occur across respondents partly
cancel each other out and therefore may not strongly affect group-level statistics
such as group means (e.g., Conijn et al., 2019). In contrast, in individual decision-
making, rater effects due to for example overreporting or careless responding can
result in severely biased decisions. In this study, we therefore propose that when
individual decision-making is hampered by informant discrepancy, an additional
psychometric approach (i.e., next to the standard validity and reliability checks
using group-level data) is needed to separate informant discrepancy due to error
sources from informant discrepancy due to meaningful differences. The goal of
the current study is therefore to describe an additional approach that is useful for
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interpreting informant discrepancy in an individual decision context. The first part of
this paper provides a general description of the validity-index approach. The second
part provides an illustration of the method by means of an application to a dataset
of self-reported and parent-reported ADHD symptoms.

18.2 The Validity-Index Approach

The validity-index approach can be applied in cases that individual decision-making
is hampered by a discrepancy between test scores of different informants regarding
the same construct, for example, a college student reporting a clinical level of
symptom severity on a self-report questionnaire and his parents reporting a non-
clinical level of symptom severity on the same questionnaire. This discrepancy
interferes with decision-making regarding whether or not the student has a right
to receive educational adaptations. The specific definition of informant discrepancy
will depend on the particular decision-making context and is actually not relevant
for how to use the validity-index approach. Informant discrepancy may, for example,
also be defined as a specific size of a test score difference between two informants
that is clinically relevant. Alternatively, it may be a score difference that is
significant given the estimated reliability of the measures.

For a given pair of discrepant test scores, the main goals of the validity-index
approach are to categorize response patterns of each of the informants as likely
invalid due to rater effects or likely valid and to take that categorization into account
in individual decision-making. In the validity-index approach, the categorization of
response patterns is done using response-pattern-based validity indices. Response-
pattern-based validity indices are computed using the observed response pattern and
quantify the degree that an individuals’ pattern of responses is aberrant (Meade &
Craig, 2012; Niessen et al., 2016; Wanders et al., 2017). Response patterns may
be aberrant because they include inconsistent item scores, excessive repetition (i.e.,
long sequences of the same item score), or many extreme item scores. Such aberrant
response patterns may indicate careless responding, malingering, or another type of
response bias or unsystematic error. The corresponding test scores are therefore
likely to be invalid. Examples of validity indices are the item response theory (IRT)-
based lz person-fit index (Drasgow et al., 1985; Emons, 2008) and the long-string
index of repetitive responding (Johnson, 2005).

To classify response patterns as potentially invalid, a cutoff value for the validity
index is needed. Such a cutoff value is commonly based on the distribution of
the indices in a large sample of representative respondents. For example, Meijer
et al. (2016) suggested using a cutoff value corresponding to the 5% most extreme
observed values on a validity index. Several other more sophisticated methods based
on IRT-based simulations have also been proposed (see Conijn et al., 2019, for an
overview). The choice for the specific classification method depends on properties
of the questionnaire data (e.g., the use of IRT-based simulations requires that an
IRT model fits the data) but also on the stakes of the decisions that are taken using
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the validity-index method (i.e., higher stakes require more sophisticated methods).
If liberal cutoff values are used, auxiliary information such as interviews with the
respondents should also be collected to confirm invalid responding after the initial
round of screening (Meijer et al., 2016).

In short, application of the validity-index approach to a discrepant set of
informant scores includes the following steps:

1. Assess which validity indices are appropriate for the data. This depends on the
properties of the informant and/or self-report measures such as the response scale
of the items and the wording of the items (Conijn et al., 2019). In general, it is
useful to select different types of validity indices representing different types of
response biases and unsystematic error.

2. Establish appropriate cutoffs for the validity indices that are used to classify
respondents as having a “suspect” (i.e., likely invalid) test score.

3. Compute the selected validity indices for each of the response patterns, and
apply the cutoff values to classify informant scores as suspect or not suspect.
This results in three different categories: discrepancy that is likely due to rater
effects of one of the informants, discrepancy that is likely due to rater effects of
multiple informants, or discrepancy that is likely due to meaningful differences.
In the latter category, none of the informants produced a response pattern that is
suspect of problematic rater effects.

4. Account for the validity information in individual decision-making, for example,
in a diagnostic algorithm (i.e., the approach for combining the different pieces
of information on symptom severity into a diagnosis).

The exact procedure in Step 4 depends on the specific diagnostic algorithm or
decision-making rule used in the study, but we provide some basic suggestions:
If the results show that one of the multiple informant scores is suspect, the
other informant score(s) should gain most weight in (clinical) decision-making.
If each of the informant scores is flagged as suspect, retesting should be done,
or clinical interviews should be conducted. Finally, if neither of the informant
scores is classified as suspect, the discrepancy is likely due to meaningful variation
in informant scores such as variation in the subjects’ observed behavior. Such
explanations can then be further explored.

As a final note, the validity-index approach presupposes that reliable and
valid informant and self-report measures are used in the assessment and there
are no important methodological issues in the research design that can explain
informant discrepancies. Given these assumptions, the discrepancies between scores
of different informants can only be attributable to either rater effects or to true and
meaningful differences in observed behavior. The validity-index approach could
therefore also be regarded as the next step after the group-level analyses that were
proposed in the operations triad model have shown to support the validity and
reliability of the measures used and have not identified other methodological issues.
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18.2.1 Illustrative Example

We illustrate the proposed validity-index approach using data from 441 self-reports
and corresponding parent proxy-reports on Conners ADHD Rating Scales from the
NeuroIMAGE study (Von Rhein et al., 2015). Conners Rating Scales include scales
for self-report, parent-report, and teacher report of ADHD symptoms. In educational
contexts, the scales are commonly used to assess whether ADHD causes functional
impairment at school (e.g., Purpura & Lonigan, 2009).

We used two selected subscales among Conners ADHD Rating Scales, the
Inattentive symptoms scale and the Hyperactive-Impulsive symptoms scale, to study
discrepancies between self-reports and parents’ informant-reports. First, we present
the dataset, the measures, and descriptive statistics on invalid responding in the
NeuroIMAGE dataset. Next, we illustrate how the validity-index approach can be
used in individual decision-making by accounting for validity information in the
diagnostic algorithm of the NeuroIMAGE study.

18.3 Method

18.3.1 Participants

We used secondary data collected between 2009 and 2012 in the NeuroIMAGE
study (Von Rhein et al., 2015). The NeuroIMAGE study includes ADHD ratings
for 1978 studied participants. Ratings came from different informants: parents and
either teachers (if participants were still in school and less than 18 years old) or self-
reports (if participants were either at least 18 years old or no longer in school). For
the current study, we used only a small subset of NeuroIMAGE data. Specifically,
our inclusion criteria were the following: The rated participant had (a) available self-
report data on Conners Adult ADHD Rating Scales—Self-Report: Long Version
(CAARS- S: L), (b) available informant report data from one of their parents on
Conners Parent Rating Scale (CPRS), and (c) no more than 5% missing data on
both the CAARS and the CPRS. Cases with more than 5% missing data were
excluded because missing values may interfere with the comparability of validity-
index values across respondents with and without missing item scores.

Our subsample consisted of N = 431 participant pairs, including adolescents as
well as young adults and one corresponding parent providing the informant data
about their child. Among the participants being rated, 56% were male and the mean
age was 20.3 (SD= 2.4; range = 15 − 30). Following the diagnostic algorithm used
in the NeuroIMAGE study, participants were diagnosed as affected with ADHD
(37%; n = 160), as unaffected with ADHD (45%; n = 196), or they were labeled
as “subthreshold” because they did not meet the criteria for either being affected or
unaffected (13%; n = 57). For 18 (4%) of the rated participants, the diagnosis was
missing.



352 J. M. Conijn et al.

Table 18.1 Description of the Conners ADHD rating scales

Rating scale Factor-analysis-derived subscales

DSM-IV symptom-count subscales (T
scores ≥ 65 indicate a positive
screening outcome)

CAARS (66 items; self-report)
Inattention-Memory problems (12
items)

Inattentive symptoms (9 items)

Hyperactivity-Restlessness (12
items)

Hyperactive- Impulsive symptoms (9
items)

Impulsivity/Emotional lability (12
items)

Total symptoms (sum of the two
specific symptom scales)

Problems with Self-Concept (6
items)

CPRS (80 items; parent-report)
Cognitive problems (10 items) Inattentive symptoms (9 items)
Oppositional (12 items) Hyperactive- Impulsive symptoms (9

items)
Hyperactivity-Impulsivity (9 items) Total symptoms (sum of the two

specific symptom scales)
Anxious-shy (8 items)
Perfectionism (7 items)
Social problems (5 items)
Psychosomatic problems (6 items)

Note. Post hoc validity indices were computed using the respondents’ complete response pattern
on the CAARS/CPRS; informant discrepancy was computed only for the DSM Inattentive
symptoms subscale and the DSM Hyperactive-Impulsive symptoms subscale

18.3.2 Conners ADHD Rating Scales: CAARS and CPRS

Participants completed the CAARS (Conners et al., 1999), and one of their parents
completed the CPRS (Conners et al., 1998) about the participant. The CAARS and
the CPRS are designed to screen for ADHD but also include items to assess a range
of externalizing (e.g., aggression) and internalizing (e.g., anxiety) symptomatology
(Table 18.1). The CAARS is a 66-item self-report measure for adults; 42 of the items
belong to one of the 4 factor-analysis-derived subscales (Conners et al., 1999). The
CPRS is an 80-item standardized behavior rating scale designed to be completed
by parents; 56 items are included in the seven factor-analysis-derived subscales
(Conners et al., 1998). Respondents indicated on a 4-point response scale how
frequently they (or their child) experience(s) the symptom described in the item:
seldom/never (0), sometimes (1), quite often (2), or very often (3). For all the items,
higher scores indicate more severe psychopathology.

Next to the factor-analysis-derived subscales, both the CAARS and the CPRS
include subscales that provide a count of Diagnostic and Statistical Manual of
Mental Disorders-IV (DSM-IV) ADHD symptoms: the Inattentive symptoms sub-
scale (DSM Inattentive; nine items), the Hyperactive-Impulsive symptoms subscale
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(DSM Hyperactive-Impulsive; nine items), and the Total symptoms subscale (i.e.,
the inattentive and hyperactive-impulsive symptoms combined; 18 items). The three
subscales are used to screen for the diagnosis of the inattentive ADHD subtype,
hyperactive-impulsive ADHD subtype, and the combined ADHD subtype (i.e.,
both inattentive and hyperactive-impulsive), respectively. Test scores on the three
subscales are transformed to T scores (M = 50; SD = 10).

18.3.3 Informant Discrepancy

We investigated informant discrepancies on both the DSM Inattentive subscale and
the DSM Hyperactive-Impulsive subscale. We defined pairs of informants to have a
discrepant set of scores on the DSM Inattentive subscale and the DSM Hyperactive-
Impulsive subscale, respectively, when they showed a 15-point difference on the
T score scale (i.e., corresponding to 1.5 SD difference on the T score scale). A
difference of 1.5 SD seemed both clinically relevant and unlikely to occur due to
chance but at the same time did result in a substantial proportion of discrepant cases
for further analysis. Our chosen definition of informant discrepancy was pragmatic
considering that it served an illustrative example and is not part of the validity-
index approach. Previous studies that investigated informant discrepancy on other
psychopathology scales defined informant discrepancy using cutoffs of 1 or 2 SD
score-point difference between two informants (e.g., Conijn et al., 2018; Dorz et al.,
2004).

The DSM Inattentive subscale and the DSM Hyperactive-Impulsive were chosen
to define informant discrepancy because they are used for diagnostic decisions rather
than for descriptive purposes. Furthermore, the value of Cronbach’s alpha equaled
0.84 for the DSM Inattentiveness subscale and 0.88 for the DSM Hyperactive-
Impulsive subscale, suggesting that test-score reliability was no cause of informant
discrepancy. Also, differences in item content between the two versions of the
subscales were unlikely to cause substantial informant discrepancy. Item wording
of the CPRS and CAARS version of these subscales is not exactly equal, but item
content is similar: for the DSM Inattentive subscale, each CPRS item can be paired
with a CAARS item, and for the DSM Hyperactive-Impulsive subscale, seven out
of nine items can be paired.

18.3.4 Validity Indices

Although we investigated informant discrepancies on the DSM symptom scales,
we used the respondents’ response pattern on the complete set of CPRS/CAARS
items to determine whether their response pattern was suspect. The reason for doing
so was that the use of more item scores renders the validity indices more reliable
(i.e., resulting in higher sensitivity and specificity; Conijn et al., 2019). Moreover,
we expected invalid response behavior to be consistent across different subscales
because items from different subscales were presented in a mixed order.
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Table 18.2 Description of the validity indices and their cutoff values

Validity index Short description Cutoff method Cutoff valuea

CPRS CAARS

.l
p
z person-fit index Detects inconsistent

responding with respect
to the graded response
IRT model. First
computed for separate
subscales, next averaged
into a single index

95th percentile value 0.51 0.89

Mahalanobis distance
(MD)

Detects multivariate
outliers; quantifies the
distance between an
observed response
pattern and the
remaining response
patterns in the sample

95th percentile value 223.0 123.9

Long-string index (Lmax) Detects repetitive
responding by the
maximum length of
strings of consecutive
identical answers.
Computed for separate
response options

2.5% most extreme
observed values

0 score 64 24
1 score 6 8
2 score 4 5
3 score 4 4

Overreporting index Detects overreporting
using the CAARS
Infrequency Index (CII)
for the CAARS and the
percentage of 3 scores
for the CPRS

Cutoff value CII N/A 20

98th percentile value 24% 29%
Underreporting index Detects underreporting

by the percentage 0
scores

95th percentile value 96% 82%

Note.aResponse patterns with index values larger than the specified cutoff value are classified as
suspect

Five validity indices were applied to the CPRS and CAARS data resulting in
an index-specific validity classification for each informant. If at least one of the
index-specific classifications was suspect, the response pattern was overall classified
as “suspect.” Table 18.2 summarizes indices and methods for establishing cutoff
values. Next, we describe the validity indices in detail.

Mahalanobis Distance The Mahalanobis distance (MD) is a multivariate outlier
statistic (e.g., Johnson & Wichern, 2008). When used as a validity index, MD
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quantifies the distance between an observed response pattern and the remaining
response patterns in the sample while taking the inter-item correlation matrix into
account. Several studies have found the MD index appropriate for detecting random
responding (Curran, 2016; DeSimone, et al., 2015). We used the 95th percentile
value as a cutoff value for classifying response patterns as suspect. To account
for missing values, we using the R package modi (Hulliger, 2018) to compute
an adapted MD in which the missing values are ignored and a correction factor
is applied to MD based on the number of observed values.

.l
p
zmPerson-Fit Index The parametric .l

p
z person-fit index (Drasgow et al., 1985)

is the standardized log-likelihood of a polytomous response pattern given the
estimated unidimensional item response theory (IRT) model. The .l

p
z index mainly

detects random or inconsistent responding but can also pick up other types of invalid
response styles if these lead to deviations with respect to the IRT model (Emons,
2008).1 We computed .l

p
z with respect to the graded-response IRT model, using the

R package Perfit (Tendeiro et al., 2016). We took the negative of the .l
p
z index so

that a higher value of the index was indicative of a more inconsistent response
pattern. As the .l

p
z index should be computed for unidimensional subscales, we first

computed the index for each factor-derived subscale (Table 18.1) and next averaged
the subscale .l

p
z values into an overall multiscale validity index .l

p
zm (e.g., Conijn et

al., 2014; Niessen et al., 2016). Items that did not belong to a CPRS/CAARS factor-
derived subscale were excluded from computing .l

p
z . We used the 95th percentile

value as a cutoff value for classifying response patterns as suspect (Meijer et al.,
2016). Missing item scores were imputed by the default non-parametric single
imputation method in the R package Perfit. We regarded the single imputation
method sufficient for our purpose because we were only interested in quantifying
validity. Imputed item scores are not informative about the validity of the response
pattern, even if a superior multiple imputation method would have been used (e.g.,
Van Ginkel et al., 2007).

Long-String Index: Lmax Long-string indices count the length of strings of con-
secutive identical answers to detect repetitive careless responding (Johnson, 2005;
Kam & Chan, 2018; Meade & Craig, 2012). Lmax equals the maximum length
of a string of consecutive identical answers and has been found to have higher
power to detect careless responding compared to other long-string indices (Meade
& Craig, 2012; Niessen et al., 2016). We computed Lmax for each of the four score
options separately, resulting in four response-option-specific Lmax values for each
respondent. Different cutoff values for the different response options were used to
take into account the skewed item-score distribution (Conijn et al., 2019; Johnson,
2005). The four cutoff scores were based on the 2.5% most extreme observed Lmax

1 We used the .l
p
z index instead of other possible person-fit indices (e.g., the Guttman person-fit

indices) because previous research suggests that .lpz (1)has relatively high power to detect careless
responding, (2) is least confounded with the substantive trait measured, and (3) is least strongly
correlated with the MD index (Conijn et al., 2019).
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values for that response option. Missing values were ignored in the computation of
Lmax, meaning that the length of strings of identical answers was computed after
excluding the missing values from the response pattern.

Overreporting Index To detect overreporting and malingering on the CAARS, we
used the CAARS Infrequency Index (CII) index (Suhr et al., 2011). This index
equals the sum score of 12 items that were endorsed infrequently in the Suhr et al.
(2011) study. Scores greater than 20 are classified as suspect (Suhr et al., 2011). For
the CAARS data, the CII index classified 2% (n = 9) response patterns as suspect
of overreporting. No overreporting indices have been developed for the CPRS. We
therefore used the percentage of 3 scores as an indicator of possible overreporting.
Based on the 2% suspect cases that were identified using the CII in the CAARS
data, we used a cutoff value equal to the 98th percentile value in the CPRS data.2

Missing values were ignored in the computation of the percentage value.

Underreporting Index To detect underreporting, no specific indices have been
proposed for the CAARS or CPRS. We therefore used the percentage of 0-scores as
an indicator of possible underreporting, using the 95th percentile value as a cutoff
value for classifying response patterns as suspect. Missing values were ignored in
the computation of the percentage value, meaning that percentages were computed
after excluding the missing values from the response pattern.

18.3.5 Statistical Analyses

In preliminary analyses, we used the full dataset, including the data of informant
pairs that were not discrepant. In this full dataset, we inspected descriptive statistics
for informant discrepancy and the validity indices, and we analyzed the relationship
between informant discrepancy and validity-index classification. Informant pairs
were categorized into four categories: (a) non-discrepant and no suspect response
pattern(s), (b) discrepant and no suspect response pattern(s), (c) discrepant and
suspect response pattern(s), (d) non-discrepant and suspect response pattern(s).

The main analyses illustrate how the validity-index approach can be used to
improve diagnostic decision-making in the presence of informant discrepancy. For
the two categories of informant pairs having discrepant response patterns [i.e.,
categories (b) and (c)], we describe the outcomes of the application of validity
indices and discuss possible rater effects that may have caused the informant
discrepancy. We also illustrate how the validity-index information can be taken into
account in a diagnostic algorithm to establish ADHD diagnosis. To this end, we
applied both the original “basic” diagnostic algorithm used in the NeuroIMAGE
study and an adapted diagnostic algorithm that takes into account the validity-

2 In the CAARS data, we assessed the correspondence between classifications based on the CII
index and the percentage of 3 scores. We found moderate agreement (Cohens Kappa: 0.58) between
the CII classification and the alternative classification based on the percentage of 3 scores.
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index information to data of discrepant informant pairs. The difference between
the basic and adapted algorithm was that the latter excluded the rating scale data
(either CAARS or CPRS or both) that was classified as suspect by at least one
of the validity indices. We provide simple descriptive statistics to summarize the
differences between diagnostic outcomes from the basic and the adapted diagnostic
algorithm. The diagnostic algorithms are explained in detail in the following section.

18.3.6 Diagnostic Algorithm

The diagnostic algorithm in the NeuroIMAGE study (Von Rhein et al., 2015) for
establishing an ADHD diagnosis was based on a combination of data from diagnos-
tic interviews and data from CAARS and/or CPRS. Specifically, a semi-structured
clinical interview, the Schedule for Affective Disorders and Schizophrenia—present
and lifetime version (K-SADS; Kaufman et al., 1997)—was used. The K-SADS was
conducted with participants and, to provide an informant interview, with one of their
parents. From these two K-SADS interviews and the impression of the interviewer,
a K-SADS ADHD symptom count was derived.

Basic Algorithm First, a combined symptom count was calculated by counting a
symptom as present if it was scored as present in the K-SADS symptom count or
the self-report CAARS data. Based on this symptom count, the CAARS and the
CPRS, criteria for being considered affected with ADHD were the following:3 (a)
combined symptom count ≥ 5 symptoms of inattentive or hyperactive/impulsive
behavior, and (b) T score ≥ 63 on at least one of the CPRS or CAARS ADHD
symptom scales (filled in about a period without medication): the Inattentive
symptoms subscale, the Hyperactive-Impulsive Symptoms subscale and the Total
symptoms subscale. Criteria for being considered unaffected with ADHD were:
(a) ≤ 2 symptoms derived from the combined symptom count and (b) T scores
< 63 on each of the CPRS or CAARS ADHD symptom scales. Table 18.3 (left-
hand column) shows a summary. Participants who did not meet the requirements
for the affected or unaffected status were classified as “subthreshold.” Additional to
this basic algorithm, in the NeuroIMAGE study, cases with inconsistent information
were evaluated by a team of experts to derive a consensus (best-estimate) diagnosis.
We did not use these (clinical) adjustments in the current study because we were
interested in the difference between a basic algorithm without and with adjustment
for validity information.

Adapted Algorithm To assess the impact of taking into account validity information
in diagnostic decisions, we defined an adapted algorithm that took into account

3 The other basic requirements for diagnosis were as follows: an age of onset before 12, meeting
the DSM criteria for pervasiveness and impairment, and symptoms are not better accounted for by
another disorder.
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Table 18.3 Basic and diagnostic algorithm used in this study

Algorithm
Basic Adapted

Diagnosis
ADHD S ≥ 5 ∩ {TI ≥ 63 ∪ TH ≥ 63 ∪ TT ≥ 63} .S∗ ≥ 5 ∩ {

T ∗
I ≥ 63 ∪ T ∗

H ≥ 63 ∪ T ∗
T ≥ 63

}

No
ADHD

S ≤ 2 ∩ {TI < 63 ∩ TH < 63 ∩ TT < 63} .S∗ ≤ 2 ∩ {
T ∗
I < 63 ∩ T ∗

H < 63 ∩ T ∗
T < 63

}

Note. S = Combined symptom count of inattentive or hyperactive/impulsive behaviour based on
the K-SADS data and the CAARS. S∗ = combined symptom count that excludes the CAARS
subscale data if classified suspect. TI= T score on the CAARS or CPRS Inattentive symptoms
subscale; TH= T score on the CAARS or CPRS Hyperactive/impulsive symptoms subscale; TT=
T score on the CAARS or CPRS Total symptoms subscale. .T ∗

H/I/T =T score on the CAARS or
CPRS symptoms subscales but excluding T scores of informants whose data is classified suspect

the validity-index information. In contrast to the original algorithm, the adapted
algorithm completely excluded the item-response patterns (either CAARS or CPRS
or both) that were classified as suspect by at least one of the validity indices. This
also applied to the combined symptom count. So, if the CAARS data was found to
be suspect, an “adapted” combined symptom count was computed using only the
K-SADS interview data. If the CPRS data was classified as suspect, the combined
symptom count was not affected (i.e., since it was not taken into account in the
total symptom count in the basic algorithm either). The criteria for being affected
with ADHD were equal to those of the basic algorithm, but now the CPRS/CAARS
data of informants that generated a suspect response pattern were excluded from the
algorithm (Table 18.3, right-hand column).

18.4 Results

18.4.1 Preliminary Analyses

Both the DSM Hyperactive-Impulsive subscale score and the Inattentive subscale
score of the CAARS (self-report) correlated .62 with the corresponding CPRS
(parent-report) subscale scores. The percentage of informant pairs that was classi-
fied discrepant was 22.3% for the DSM Hyperactive-Impulsive subscale and 22.6%
for the DSM Inattentive subscale. For 8.5% of the informant pairs, the test scores
were discrepant for both the Inattentiveness and the Hyperactive-Impulse subscales.

For the CPRS and CAARS, Table 18.4 shows the percentages of response
patterns classified as suspect by each separate validity index and the percentages
of response patterns classified as suspect based on at least one of the indices
(Table 18.4, last row). The percentage of response patterns classified as suspect
by at least one validity index was 19.7% for CAARS and 20.0% for CPRS. These
percentages are very similar as for each validity index, the cutoff scores for CAARS
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Table 18.4 Percentage of response patterns classified as suspect by each separate index and by
at least one of the indices

Validity classification as suspect % Classified suspect
CAARS self-report CPRS parent-report

Index-specific classification
.l
p
z 5.1 5.1

MD 5.1 5.1
Lmax 8.4 9.5
Overrep. index 2.1 2.3
Underrep. index 5.8 5.1

Overall classified as suspect (≥ 1 index-specific) 19.7 20.0

Note. The overall classification as suspect is used in the subsequent and main analyses

Table 18.5 Cross tabulation of validity and informant discrepancy

Validity classificationa Informant discrepancyb

Non-discrepant Discrepant Total

DSM Hyperactive-Impulsive subscale
Not suspect 237 (0.81) 54 (0.19) 291 (1.00)
Suspect 100 (0.71) 40 (0.29) 140 (1.00)
Total 337 (0.78) 94 (0.22) 431 (1.00)

DSM Inattentive symptoms subscale
Not suspect 233 (0.80) 58 (0.20) 291 (1.00)
Suspect 100 (0.71) 40 (0.29) 140 (1.00)
Total 333 (0.77) 98 (0.23) 431 (1.00)

Note.aSuspect when at least one response pattern within an informant pair classified as suspect
by at least one validity index; bDiscrepant when the difference in T scores is >15

and CPRS were determined using the same percentile score (95 for MD, .l
p
zm, and

underreporting index; 97.5 for Lmax, and 98 for overreporting index).
Table 18.5 shows a cross-tabulation of informant discrepancy and the presence

of at least one suspect response pattern within that informant pair. Informant pairs
with at least one suspect response pattern (either the CAARS pattern, the CPRS
pattern, or both; Table 18.4) are more likely to have a discrepant set of scores on the
DSM Inattentive subscale (X2 =4.02, df = 1, p = .045) and the DSM Hyperactive-
Impulsive subscale (X2 =5.56, df = 1, p = .018). Phi coefficients equal 0.09 for the
DSM Inattentive subscale and 0.11 for the DSM Hyperactive-Impulsive subscale,
indicating a (very) weak relationship between the discrepancy and the “suspect”
classifications (Cohen, 1988). The positive relationships between the discrepancy
and the “suspect” classifications suggest that part of the discrepancy is due to rater
effects. However, the weak relationships also suggest that most discrepancies in the
data may be due to meaningful test-score differences between participants and their
parents.



360 J. M. Conijn et al.

18.4.2 The Validity-Index Approach in Diagnostic
Decision-Making

We applied the adapted algorithm to the data of 169 informant pairs with discrepant
test scores on either the Hyperactivity/Impulsivity subscale or the Inattentive
subscale. Hundred and eight pairs did not have a suspect response pattern, and
the adapted algorithm therefore produced the same diagnostic ADHD decision as
the basic algorithm. Ten informant pairs had suspect response patterns for both
the CAARS and the CPRS. For these informant pairs, the adapted algorithm used
only the K-SADS data, which resulted in a different diagnosis (“subthreshold”
instead of “affected”) for one of the ten pairs. For 8 of the 29 informant pairs
with a suspect CPRS score but a valid CAARS score, we found that the adapted
diagnostic algorithm produced a different diagnosis (either “unaffected” instead of
“threshold” or “threshold” instead of “affected”). For 10 out of the 22 informant
pairs with a suspect CAARS score and a valid CPRS score, the adapted diagnostic
algorithm produced a different diagnosis (either “unaffected” instead of “threshold”
or “threshold” instead of “affected”). The diagnosis from the adapted algorithm was
always more conservative than the diagnosis of the original algorithm because it
used a compensatory rule, defining symptoms to be present if at least one informant
rates the symptom to be present. As an illustration, Table 18.6 describes three
parent-child pairs who had a discrepant set of test scores and who had one of the
two Conners rating-scale response patterns classified as suspect. In the following,
we describe each case in more detail.

Participant A The rated participant was a 22-year-old female. The self-report scores
on the Hyperactive-Impulsive and Inattentive CAARS subscales were approxi-
mately 30 T score units higher than for the corresponding CPRS parent-report.
The self-report pattern was classified as suspect based on four different validity
indices: .l

p
zm, CII/overreporting index, Lmax, and MD. The CII index classified

the response pattern as suspect of overreporting. Consistently, we found that for
48% of the 66 items the respondent selected the response option “very frequent.”
Furthermore, the Lmax index suggested a repetitive response bias, and the .l

p
z values

for separate subscales indicated severe response inconsistency on the CAARS
Inattention/Memory problems subscale and milder response inconsistency on the
other three subscales (for a description of the subscales, see Table 18.1). An example
of response inconsistency is that the respondent indicated to “always plan things in
advance,” but also indicated to often be “disorganized” and “dependent on others
organizing my life and helping focusing on details.”

Based on three CAARS T scores ≥ 82 and a combined symptom count of 9
for both Hyperactive-Impulsive symptoms and Inattentive symptoms, the original
diagnostic algorithm resulted in an “affected with ADHD” diagnosis. In the adapted
algorithm, the CAARS subscale scores were excluded from the algorithm, and none
of the CPRS subscale scores were high enough to meet the criteria for the affected
status. So, the adapted algorithm resulted in a “subthreshold ADHD” diagnosis.
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Table 18.6 Data of three illustrative cases and outcomes of a basis diagnostic algorithm and an
adapted algorithm that takes into account validity information

Construct/subscale Informant Variable

Participant A
Suspect
self-report

Participant B
Suspect
self-report

Participant C
Suspect
parent-report

Hyperactive-
Impulsive
symptoms

Parent CPRS T
score

53 43 90

Self CAARS T
score

82 44 61

Parent + self K-SADS
symptom
count

6 1 6

Parent + self S (S∗ ) 9 (6) 2 (1) 8 (8)
Inattentive
symptoms

Parent CPRS T
score

56 45 90

Self CAARS T
score

85 74 63

Parent + self K-SADS
symptom
count

8 4 7

Parent + self S (S∗ ) 9 (8) 6 (4) 8 (8)
Total
symptoms

Parent CPRS T
score

55 44 90

Self CAARS T
score

88 61 64

Outcome of
diagnostic
algorithm

Basic
algorithm

Affected Affected Affected

Adapted
algorithm

Subthreshold Subthreshold Affected

Note. The basic diagnostic algorithm comes from the NeuroIMAGE study and does not take into
account validity information. The adapted algorithm takes into account validity information. Only
the bold data is used in the adapted algorithm for a specific case. S = Combined symptom count
of inattentive or hyperactive/impulsive behavior based on the K-SADS data and the CAARS. S∗

= Combined symptom count that excludes the CAARS subscale data if classified suspect

Given this outcome, a clinician may decide to interview the participant and the
parent about the aberrant response pattern and the discrepancy in their scores to
understand which of the two diagnostic outcomes is most appropriate.

Participant B The rated participant was a 20-year-old male. There was no informant
discrepancy for the Hyperactive-Impulsive subscale, but the T score for the CAARS
self-report Inattentive subscale was 29 points higher than the corresponding CPRS
parent-report. The self-report response pattern was classified suspect based on
the .l

p
zm statistic. The respondent showed inconsistent responding particularly on

the Inattention/Memory problems and Impulsivity/Emotional lability subscales.
Examples of inconsistent responding were that the respondent indicated that he quite
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often “explodes,” “has bad tempers,” and “is easily irritated,” but on the other hand
also indicated that his temper is not at all unpredictable.

Based on the self-report CAARS T score of 74 and a combined symptom count of
6, the original diagnostic algorithm resulted in an “affected with ADHD” diagnosis.
Using the adapted algorithm, both the total symptom count and the CPRS T scores
were not high enough for meeting the affected status, but they were also not low
enough to meet the unaffected status. The adapted algorithm therefore resulted in a
“subthreshold ADHD” diagnosis. Similarly as for Participant A, the clinician may
decide to collect additional (interview) data to make a final diagnostic decision.

Participant C The rated participant was a 20-year-old female. The T scores for
each three parent-report CPRS subscales were at the maximum value (i.e., T score
= 90), while the self-report CAARS scores were at least 26 score points lower.
The parent report was classified suspect based on Lmax and the overreporting
index. The Lmax index indicated several long strings of 3 scores (i.e., the response
option “very frequent”) with a maximum length of seven. The overreporting index
indicated that 50% of all item scores were in the “very frequent” category, which is
particularly notable because the CPRS measures a wide range of different symptoms
(Table 18.1). So, the validity information suggested that the parent exaggerated the
symptoms and used a repetitive response style.

Based on three CPRS T scores of 90, CAARS T scores of 63 (Inattentive
symptoms) and 64 (Total symptoms), and a combined symptom count of eight for
each specific type of symptoms, the participant was diagnosed as “affected with
ADHD.” The adapted algorithm resulted in the same diagnosis: although the suspect
CPRS scores were excluded from the algorithm, the CAARS T scores on the total
symptoms subscale were high enough for meeting the affected ADHD status.

18.5 Discussion

We illustrated how post hoc validity indices can be used for studying whether
informant discrepancies may be due to invalid test scores caused by rater effects
of individual respondents. In the example dataset from the NeuroIMAGE study,
we found a weak relationship between informant discrepancies and rater effects,
suggesting that most discrepancies are due to meaningful test score differences
between informants. Furthermore, we provided an example on how information
about the validity of an individual’s response pattern can be taken into account
into a diagnostic algorithm. Here we found that for 19 (11%) out of 169 informant
pairs with discrepant test scores, an adapted diagnostic algorithm led to a different
diagnostic outcome.

Nelson and Lovett (2019) studied invalid responding on the CAARS ADHD
symptom subscales for the same pairs of informants as we studied (young adults
and their parents). Compared to their results, the level of informant discrepancy
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was low in our illustrative dataset. We found cross-informant correlations of .64,
whereas Nelson and Lovett (2019) found correlations between parent and self-
report scores on exactly the same CAARS subscales ranging from .37 to .42. The
difference in results is likely due to the context in which data were collected. In the
Nelson and Lovett study, data were collected in a naturalistic environment where
symptom exaggeration could lead to benefits for students, whereas data collection in
the NeuroIMAGE study was primarily done for scientific research purposes. In both
our study and the Nelson and Lovett study, the diagnostic outcome was generally
more conservative for informant pairs with no evidence of an invalid report. Both
studies thus suggest that invalid responding is likely to lead to an overestimation of
the prevalence of ADHD.

The strengths of our study are the following. Firstly, we demonstrated how
a widely applicable, general approach to check validity of a response pattern
can be used to study and take into account informant discrepancies. This is
valuable because most psychopathology scales do not have built-in validity scales.
Furthermore, our illustrative example is particularly useful as we used an ADHD
dataset. In the context of diagnostic ADHD assessment, informant discrepancies
as well as systematic rater effects (e.g., overreporting and underreporting) are
important and often studied topics (Luderer et al., 2019; Martel et al., 2015; Sibley
et al., 2012; Walls et al., 2017). Second, unsystematic error (e.g., inconsistent and
random responding) can also be expected to be problematic given the core symptom
of ADHD such as inattentiveness and impulsivity (Nelson & Lovett, 2019; Raiker
et al., 2012; Sibley et al., 2019). Third, this study provides one the first application
examples of response-pattern based validity indices to individual decision-making.
A previous study showed how the IRT-based .l

p
z person-fit index can be used to

detect inconsistent responding on a depression measure and provide psychiatrists
with valuable information for treatment and diagnostic decision-making (Wanders et
al., 2017). Our study adds to Wanders et al. (2017) by using multiple validity indices
to evaluate a response pattern and by applying validity indices to solve informant
discrepancies.

There are also several important limitations to this study. Because we used
secondary data, we could not show to the full potential of the validity-index
approach for handling informant discrepancies. The validity-index information can
be used optimally if the response patterns identified as inconsistent, repetitive, or
extreme can be discussed with the patient or the other informant (Nelson & Lovett,
2019; Wanders et al., 2017). Such qualitative interview data can provide additional
evidence for the invalidity of a test score, information on the reasons underlying
the unexpected response pattern, or may lead to the conclusion that the validity-
index approach resulted in a false-positive classification. A second limitation is
that the percentile-based method that we used for establishing cutoff values for
the validity indices was relatively simple. In previous research, for some of the
validity indices, more sophisticated methods have been suggested (Conijn et al.,
2019; De la Torre & Deng, 2008). For example, one approach for establishing a
cutoff-value is to generate multiple (e.g., 20) “clean” datasets based on an IRT
model estimated in the empirical questionnaire dataset and use the average 95th
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percentile value of a specific validity index across the simulated datasets as a cutoff
value (Conijn et al., 2019). We did not use this approach in the current study because
it requires the questionnaire items to belong to a unidimensional (sub)scale. Third,
a limitation specific to using data from the NeuroIMAGE study was a mismatch
between respondents and questionnaires used in that study. The CAARS, a rating
scale designed for adults, was administered to children (12% of the sample was 15–
17 years old). Likewise, the CPRS, an informant scale for parents to rate children
up to 17 years old, was applied in the study although 88% of the rated children were
actually young adults.

Finally, we provide several suggestions for future research. First, future research
could conduct a pilot implementation of the validity-index method in a clinical
or educational practice where ADHD assessment is complicated by informant
discrepancies. By following and interviewing the clinicians working with the
method, the study could evaluate the practical value of using the validity indices.
Second, if a dataset is available where different informants (e.g., children or parents)
completed exactly the same questionnaire, validity indices can be used to investigate
which informant shows most rater effects (Conijn et al., 2020). This type of study
may point to one type of informant being more accurate in responding than the other.
Third, investigating the relationship between respondents’ ADHD symptom severity
and validity indices can provide insight into the extent that ADHD symptoms
interfere with valid self-report responding (Sibley et al., 2019).
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