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Abstract
Structured assessment of clinical phenotypes is a burden-
some procedure, largely due to the time required. One meth-
od to alleviate this is “skip-logic,” which allows for portions of 
an interview to be skipped if initial (“screen”) items are not 
endorsed. The bias that skip-logic introduces to resultant 
continuous scores is unknown and can be explored using 
Item Response Theory. Interview response data were simu-
lated while varying 5 characteristics of the measures: number 
of screen items, difficulty (clinical severity) of the screens, dif-
ficulty of non-screen items, shape of the trait distribution, 
and range of discrimination parameters. The number of sim-
ulations and examinees were held constant at 2,000 and 
10,000, respectively. A criterion variable correlating 0.80 with 
the measured trait was also simulated, and the outcome of 
interest was the difference between the correlations of the 
criterion variable and the two estimated scores (with and 
without skip-logic). Effects of the simulation conditions on 
this outcome were explored using ANOVA. All main effects 

and interactions were significant. The largest 2-way interac-
tion was between number of screen items and average item 
discrimination, such that the number of screen items had a 
large effect on bias only when discrimination parameters 
were low. This, among other interactions explored here, sug-
gests that skip-logic can bias results using continuous scores; 
however, the effects of this bias are usually inconsequential. 
Skip-logic in clinical assessments can introduce bias in con-
tinuous sum scores, but this bias can usually be ignored.

© 2020 S. Karger AG, Basel

Among the most obvious burdens of standardized 
clinical assessment, whether for research or patient care, 
is the amount of time it takes to complete. For patient 
care, these interview durations are inconvenient, and for 
large-scale research projects, they can be outright pro-
hibitive. Many interview developers have thus included a 
time-saving feature into their interview designs. This fea-
ture, sometimes called “skip-logic,” allows the interview-
er to skip large sections of the interview if certain gateway 
(“screen”) symptoms are not endorsed. The prevailing 
standardized diagnostic interviews (SADS [1]; K-SADS 
[2]; SCID [3]) all use skip-logic to achieve symptom-
based diagnostic categorization.
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Recently, increased realization that symptom-based 
diagnostic classifications do not adequately capture dis-
orders has generated interest in continuous measures 
along symptom dimensions rather than diagnostic clas-
sifications alone. Use of clinical interview responses to 
generate continuous (e.g., sum) scores is increasingly 
common [4] and fits within the Research Domain Crite-
ria (RDoC) framework [5], but the presence of skip-logic 
can cause more serious problems than if the interview 
were being used purely for diagnosis. Unfortunately, it is 
unknown whether and how much bias skip-logic intro-
duces in estimating dimensional measures. 

Item Response Theory (IRT) [6, 7] can help estimate 
the potential bias that skip-logic may introduce in dimen-
sional assessment. IRT is a psychometric method that fo-
cuses on various characteristics of individual test or scale 
items (rather than a test/scale as a whole). One of the most 
common IRT models is the 2-parameter model described 
by the following equation:

( ) 1
1 ( )i ibi a ,p

e - -=
+ qq (1)

where pi(θ) is the probability of endorsement (or a correct 
response, in the case of cognitive testing), ai is the item 
discrimination, bi is the item difficulty, and θ is the trait 
level of the person (e.g., a clinical dimension such as de-
pressed mood). The discrimination parameter, ai, deter-
mines how precisely the item can place an individual on 
a trait spectrum; higher discrimination is always better. 
The difficulty parameter, bi, determines how high on the 
latent trait continuum one has to be in order to have a 
50% chance of endorsing the item. The higher the diffi-
culty, the higher someone needs to be on the latent trait 
in order to have a 50% probability of endorsing the item. 
Thus, the term “difficulty” in IRT is not limited to items 
that have correct/incorrect answers; rather, in clinical 
scales/interviews, difficulty indicates how severe the 
symptom is on a standard metric. The idea of clinical 
items having “difficulty” parameters is crucial for under-
standing the rationale behind skip-logic designs. Reise 
and Waller [8] provide a comprehensive review of IRT-
related issues especially relevant to clinical assessment.

The rationale for skip-logic is that if someone is pre-
sented with screening (“easy”) items (e.g., depressed 
mood or loss of interest) and does not endorse them, then 
there is no reason to expect them to endorse associated 
symptoms (“harder”) items (e.g., suicidality). In this 
framework, clinical interviews would be designed such 
that any disorder evaluation (e.g., depression) begins with 
a set of screen items that ask about entry symptoms, and 

if none of those symptoms is endorsed, the remaining 
items in that section are skipped and assumed to be not 
endorsed (symptoms absent). In an IRT framework, this 
is a reasonable assumption, because it would be highly 
improbable for someone in the upper range of a trait to 
not endorse easy items. However, the item parameters 
(discrimination and difficulty) of screen and non-screen 
items are often not known during construction of the in-
strument. The design and question sequences of clinical 
interviews reflect the hierarchical nature of the Diagnos-
tic and Statistical Manual of Mental Disorders (DSM). 
“Screen” items assess whether essential symptoms (neces-
sary for diagnosis) are present at a threshold level, and if 
not, the remaining symptom questions (such as appetite 
or sleep disturbance) are skipped even though they may 
be present to some degree. It is therefore probable that 
some screen items will end up with higher difficulty than 
is optimal for skip-logic to work properly in a dimension-
al framework. In these cases, where screen items are not 
as “easy” as they should be, the assumption that their non-
endorsement implies non-endorsement of the rest of the 
items is erroneous. This choice of more difficult items 
leads to items being skipped, when, in fact, they would 
have provided symptom-level information if adminis-
tered. This is problematic specifically when a researcher 
wants to use a dimensional measure of the trait (e.g., a 
sum score), because it means that items that would have 
been endorsed are assumed to be non-endorsed (auto-
coded as 0), and the symptom domain will therefore be 
systematically underestimated in the sample. 

Skip-logic can cause the above problems in two inex-
tricable ways. First, as noted above, some item responses 
will erroneously be auto-coded 0 (not endorsed), and this 
leads to underestimation of the trait. Second, the errone-
ous non-endorsement of some items will cause the esti-
mated IRT difficulty parameters to be overestimated – 
i.e., non-screen items will appear more difficult than they 
actually are. As a simple illustration, consider an item re-
sponse vector from 8 examinees to be {1, 1, 1, 1, 0, 0, 0, 0}. 
The proportion endorsed is 4/8 = 50%, which suggests an 
item of average difficulty (from equation 1, bi = 0). How-
ever, if skip-logic is applied when screen items are too 
difficult, some of those examinees who would have en-
dorsed the item would be auto-coded to non-endorse-
ment when they “skip out” of the section. This practice 
would change the hypothetical response vector to {1, 1, 0, 
0, 0, 0, 0, 0}. This new proportion endorsed (2/8 = 25%) 
suggests a more difficult item (from equation 1, bi >  0), 
and this upwardly biased difficulty parameter will subse-
quently affect all IRT-related applications, such as IRT-
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based scoring and creation of item banks for computer-
ized adaptive tests.

The purpose of the present study was to investigate 
how implementation of skip-logic affects the predictive 
validity of scores. Given that the data are simulated, we 
know the “ground truth” (population parameters) of how 
strongly the measured traits relate to a validity criterion 
(see below). The primary outcome of interest is the dif-
ference between the estimated relationship with and 
without skip-logic via a difference of correlations.

Methods

All analyses described below were performed using the psych 
package [9] in R [10]. Data were simulated using the sim.irt() func-
tion, and items were calibrated using the irt.fa() function. All item 
parameters are in the logistic metric (D = 1.0) (see Embretson and 
Reise [6]). All codes can be found online in a github repository 
(https://github.com/adrose/skipLogic). 

Simulation Conditions
Simulation conditions used here were chosen based on a review 

of the literature, as well as item parameters estimated in our own 
clinical data collected on a large community cohort. Results from 
our own data (not shown here) can be found in Moore et al. [11]. 
Other (intentionally diverse) publications used to determine simu-
lation conditions included IRT analyses of substance use disorders 
[12], suicidality [13], DSM V personality disorders [14], depres-
sion [15], psychosis [16], health literacy [17], as well as other IRT 
simulation studies [18–20]. 

Simulation conditions were varied in 5 ways, for a total of 48 
conditions. The condition types were:
1 Number of screen items. This condition type varied the num-

ber of items used to determine whether an examinee should be 
administered the full scale (caused by endorsement of any sin-
gle screen item). The number of screen items was set to 2 (10% 
of total items), 4 (20%), or 6 (30%).

2 Difficulty of screen items. This condition type varied the 
screen item difficulty thresholds—i.e., how high on the latent 
trait an examinee has to be to have a 50% probability of en-
dorsement. Difficulties of screen items were drawn randomly 
from a uniform distribution ranging from [–3 to –1] or [–1 to 
1]. Note that screen item difficulties were never selected from 
a more difficult range (e.g., [1–3]), because highly difficult 
screen items inevitably cause such an overwhelming loss of 
information that the simulations often failed for technical rea-
sons. For example, highly difficult screen items will result in 
most examinees (rather than only some) endorsing none of the 
screens and therefore having response vectors of all 0s (non-
endorsements).

3 Difficulty of non-screen items. These are the same as No. 2 
above, but for the non-screen items. Difficulties of non-screen 
items were drawn randomly from a uniform distribution rang-
ing from [–1 to 1] or [1 to 3]. Note that non-screen item diffi-
culties were never selected from a less difficult range (e.g., [–3 
to –1]), for the same reason that screen items were not simu-

lated with very high difficulty. Specifically, very easy non-
screen items will result in most examinees who endorse all 
screen items also endorsing all non-screen items.

4 Shape of the θ (trait) distribution. Most traits are assumed to be 
normally distributed, but it is quite common in clinical mea-
surement for this distribution to be positively skewed. We thus 
varied the shape of the θ distribution to be either normally dis-
tributed or positively skewed. To achieve the skewed distribu-
tion, a standard normal distribution was generated, squared 
(creating the skew), and re-standardized to maintain mean = 0 
and SD = 1.

5 Range of discrimination parameters for all items. This condi-
tion type varied the overall quality of items, as determined by 
the slope of each item response characteristic curve at its inflec-
tion point (a from equation 1). Item discrimination parameters 
were sampled from a uniform distribution ranging from [0.3 to 
1.5] (very low to moderate) or [1.5 to 3.5] (moderate to very 
high).
The above 5 conditions are summarized in Table 1. The fol-

lowing conditions were constant across all simulations: number 
of simulations (n = 2,000), number of simulated examinees (n = 
10,000, but see below), and number of items (n = 20). Finally, all 
simulated data sets included a criterion variable correlating ex-
actly 0.80 with the true trait (θ) values. The criterion could be 
thought of as any outcome variable that might be used to assess 
the validity of a dimensional clinical test. The main outcome of 
interest here is the difference between the score-outcome rela-
tionship when skip-logic is used versus not used. For complete-
ness, all simulations in all conditions above were repeated using 
a much smaller sample size (n = 200) to check for unexpected 
effects of n and confirm that the results generalize to smaller sam-
ples.

Note that a typical approach in a simulation study is to com-
pare estimated parameters to “true” population parameters. For 
example, if a true (population) item discrimination parameter is 
1.0 and that value is estimated to be 1.0 under typical circum-
stances, one might introduce atypical circumstances via simula-
tion to determine whether the discrimination of 1.0 is still accu-
rately estimated. One might simulate from a non-normal distribu-
tion and discover that under these atypical circumstances, the 
estimated discrimination value is 0.90. The difference between the 
true and estimated values (1.0–0.9 = 0.1) is called “bias” and is the 
central focus of most simulation studies. However, here, we are 
most interested in the difference between the ability of a test score 
to predict a criterion with versus without skip-logic. The true 
(population) value of that relationship (0.80) is less relevant. For 
example, consider a simulation result in which the score without 
skip-logic relates 0.40 to the criterion, and the score with skip-

Table 1. Simulation conditions

Condition description Conditions

Number of screen items 2   ||   4   ||   6
Screen item difficulties (range) –3 to –1   ||   –1 to 1
Non-screen item difficulties (range) –1 to 1   ||   1 to 3
θ distribution shape standard normal  ||  skewed
Item discriminations for all items (range) 0.3 to 1.5   ||   1.5 to 3.5
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logic relates 0.39 to the criterion. While it is true and interesting 
that both scores in this simulation condition do a very poor job of 
predicting the criterion (0.40 and 0.39 vs. the true value of 0.80), 
what is of key interest here is the difference between the scores’ 
predictive abilities with and without skip-logic (0.40 vs. 0.39). 
That is, while the score with skip-logic relates poorly to the crite-
rion, the score without skip-logic does not do better, and the key 
conclusion from the analysis would therefore be that skip-logic is 
acceptable in that circumstance.

Results

Table 2 shows the results of an ANOVA relating the 
simulation conditions (plus all interactions) to the differ-
ence between the score-criterion relationship using skip-
logic versus not using skip-logic. All results are statisti-
cally significant, but note that significance of effects is 
confounded by the number of simulations. Therefore, 
meaningful interpretation of the ANOVA results requires 

Table 2. ANOVA results predicting bias of sum scores by simulation condition

Condition η2 Cohen’s 
F

Screens 0.169 1.002
DiscriminationRange 0.090 0.729
Difficulty_of_Screens 0.167 0.996
Difficulty_of_NonScreens 0.113 0.820
Distribution 0.001 0.074

Screens*DiscriminationRange 0.067 0.631
Screens*Difficulty_of_Screens 0.050 0.545
Screens*Difficulty_of_NonScreens 0.043 0.503
Screens*Distribution 0.002 0.121

DiscriminationRange*Difficulty_of_Screens 0.023 0.373
DiscriminationRange*Difficulty_of_NonScreens 0.010 0.241
DiscriminationRange*Distribution 0.001 0.073

Difficulty_of_Screens*Difficulty_of_NonScreens 0.062 0.605
Difficulty_of_Screens*Distribution 0.000 0.023
Difficulty_of_NonScreens*Distribution 0.001 0.072

Screens*DiscriminationRange*Difficulty_of_Screens 0.006 0.194
Screens*DiscriminationRange*Difficulty_of_NonScreens 0.006 0.192
Screens*DiscriminationRange*Distribution 0.000 0.024
Screens*Difficulty_of_Screens*Difficulty_of_NonScreens 0.010 0.250
Screens*Difficulty_of_Screens*Distribution 0.005 0.177
Screens*Difficulty_of_NonScreens*Distribution 0.000 0.035

DiscriminationRange*Difficulty_of_Screens*Difficulty_of_NonScreens 0.000 0.039
DiscriminationRange*Difficulty_of_Screens*Distribution 0.000 0.027
DiscriminationRange*Difficulty_of_NonScreens*Distribution 0.000 0.043

Difficulty_of_Screens*Difficulty_of_NonScreens*Distribution 0.000 0.043

Screens*DiscriminationRange*Difficulty_of_Screens*Difficulty_of_NonScreens 0.001 0.075
Screens*DiscriminationRange*Difficulty_of_Screens*Distribution 0.000 0.054
Screens*DiscriminationRange*Difficulty_of_NonScreens*Distribution 0.000 0.049
Screens*Difficulty_of_Screens*Difficulty_of_NonScreens*Distribution 0.001 0.073

DiscriminationRange*Difficulty_of_Screens*Difficulty_of_NonScreens*Distribution 0.000 0.017

Screens*DiscriminationRange*Difficulty_of_Screens*Difficulty_of_NonScreens*
Distribution 0.000 0.016

Screens = number of screens (2, 4, 6); Distribution = θ distribution type (normal, skewed). 
All results are significant at the p < 0.0001 level.
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effect sizes; Table 2 includes η2 and Cohen’s F. Of the 
main effects, the largest is for the number of the screen 
items (η2 = 0.169) and the difficulty of the screen items 
(η2 = 0.167). The smallest was for the shape of the θ dis-

tribution (η2 = 0.001). Online supplementary Figure 1 
(see www.karger.com/doi/10.1159/000505075) shows 
these main effects graphically.
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Of the 2-way interactions, two stood out: (1) interac-
tion between difficulties of the screen and the difficulties 
of the non-screen items (η2 = 0.062), and (2) interaction 
between the number of screen items and the range of dis-
crimination parameters (η2 = 0.067). Figure 1 shows the 
first interaction graphically. When the screen items have 
relatively low difficulty (left side of the graph), bias is 
minimal regardless of the difficulties of the non-screen 
items. However, if screen items have moderate difficulty 
(right side of the graph), bias will be higher, especially in 
the case where screen and non-screen items have equal 
difficulty ranges (star in upper right corner of the graph). 
The second important interaction – between the number 
of screen items and the range of discrimination param-
eters – is shown in Figure 2. When discrimination pa-
rameters are low (left side of the graph), the number of 
screens can make a large difference in determining the 
amount of bias. When discrimination parameters are 
high (right side of the graph), the number of screens is 
less consequential, though more screens will always lead 
to less bias.

Of the 3-way interactions, the largest was among the 
number of screens, difficulties of screens, and difficulties 
of non-screens (η2 = 0.010). Figure 3 shows this interac-
tion graphically. As in Figure 2, there is a clear tendency 
for difficult screens and easy non-screens to cause more 
bias, especially when combined (top right corner of Fig-
ure 3). However, when the number of screens is high 
enough (6; circles in the graph), bias remains low even in 
the worst case of equally difficult screens and non-
screens.

Finally, Figure 4 shows the most significant 4-way in-
teraction, which is a combination of the four conditions 
already mentioned above (discriminations, screen diffi-
culties, non-screen difficulties, and the number of 
screens). As in Figure 3, Figure 4 shows that as long as the 
number of screens is high enough (6; circles in the graph), 
bias remains low even when discrimination parameters 
are low, and screen and non-screen items have equal dif-
ficulty. However, when there are fewer screens (2; stars in 
the graph), bias can reach “unacceptable” levels (> 0.05) 
when any 2 of the remaining 3 problematic conditions are 
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met (low discrimination, difficult screens, or easy non-
screens). Notably, when discrimination parameters are 
high, screen difficulties are low, and non-screen difficul-
ties are high, there is near-zero bias even when only 2 
screens are used.

Note that all results described above were identical 
when a smaller sample size (n = 200) was used, but, as ex-
pected, variability among simulations was higher with the 
smaller sample size. The implication is that researchers 
can expect the above phenomena to occur to the same 

extent regardless of sample size, but when sample size is 
small, the effect of skip-logic can be masked by the noise 
of the small sample.

Discussion

Given the time and effort burdens of clinical inter-
views, the use of skip-logic is fully justifiable and often 
desirable, especially in research settings with time-limited 
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access to participants. However, as with any procedure 
that results in loss of information and affects some par-
ticipants more than others, there is potential for skip-log-
ic to introduce systematic bias in the measure when used 
to estimate dimensional scores. Introduction of “noise” 
(unexplained variance) to the measure is bad enough (in-
creased type II error), but systematic bias is especially 
worrisome because it can result in spurious effects (even 
in the opposite direction of reality). Here, we explored the 
effects of skip-logic by simulating item response patterns 
from a latent trait with a known relationship (0.80) to an 
external criterion. We found that bias introduced by skip-
logic will be minimal as long as (a) screen items are rela-
tively easy or non-screen items are relatively hard; (b) 
there are at least 6 screen items (or 30% of total items are 
screens); and (c) discrimination parameters of items are 
generally high (> 1.5 on logistic metric). 

Remarkably, these three conclusions mostly stand true 
on their own. For example, in a worst-case scenario such 
as having moderate-difficulty screens, easy non-screens, 
and low item discriminations, the effect of skip-logic will 
still be minimal as long as there are at least 6 screens. Like-
wise, even if there are only 4 screens, and both screens and 
non-screens have moderate difficulty (bad combination), 
bias will still be minimal as long as item discrimination 
parameters are generally high. Our results suggest that 
problematic levels of bias occur only with certain “worst 
case” combinations of item characteristics. The most po-
tentially damaging is the number of screen items, where 
having few screens (e.g., 10% of scale) could result in se-
vere underestimation of the trait in participants who 
“skip out.” The second most potentially damaging is the 
difficulty of the screen items, where moderate-to-high 
difficulty screen items could result in severe underestima-
tion of the trait. An overall conclusion taken from the 
above findings is that most (probably all) contemporary 
clinical interviews that utilize skip-logic can safely pro-
vide dimensional sum scores (if desired) with minimal or 
no skip-logic-related bias. However, some questionnaires 
may benefit by adding additional screeners; for instance, 
in the GOASSESS, generalized anxiety disorder has only 
two screen items, whereas (within the same interview) 
phobias contains eight screeners. Comparisons across in-
terviews also suggest potential for improvement (either 
by removing or adding screens) – e.g., whereas the SCID 
includes two screen items for mania, the K-SADS in-
cludes 7.

The recommendations above are somewhat abstract 
and assume that the researcher has information (e.g., dif-
ficulty of screen items) that they might not have. Unfor-

tunately, more specific recommendations are unlikely to 
be useful given the variety of clinical interviews in use 
(not to mention the diversity of psychopathological phe-
nomena themselves). General steps likely to be useful are 
as follows:

 − Examine probe items for symptoms that are common-
ly endorsed in the absence of the disorder. For exam-
ple, Cole et al. [21] found that on the KSADS, the probe 
depression symptoms of sleep disturbance, feelings of 
guilt, and concentration difficulties were endorsed 
more often than were the screener symptoms (de-
pressed mood, anhedonia, and irritability). In this spe-
cific example, the KSADS includes more severe symp-
toms (motor retardation, suicidal ideation) that bal-
ance out the less severe probes listed above, but other 
interviews might not have such a wide range.

 − Examine screen items for symptoms that are present 
only in moderate-to-severe cases of the disorder. For 
example, the first screen item for schizoid personality 
disorder on the SCID asks whether the person has no 
desire to make/form close relationships. While this 
might seem like a good screen item, multiple IRT anal-
yses [22, 23] have found it to be the most difficult (least 
endorsed) item of all schizoid personality disorder 
items, meaning it is likely that SCID schizoid personal-
ity disorder sum scores are unacceptably biased by 
skip-logic.

 − Count the number of screen items. If there are at least 
6, bias due to skip-logic is unlikely to be a problem, 
even if all other parameters are conducive to bias. The 
same is mostly true if there are at least 4 screen items. 
If there are only 2 screen items, there is a higher chance 
of skip-logic-related bias, and steps No. 1 and 2 above 
should therefore be taken with extra care.
This study has some notable limitations. First, the di-

mensional approach to psychopathology conflicts with 
some established theoretical conceptions thereof, such as 
the idea of “cardinal” symptoms necessary for a latent 
trait to be validly labeled. For example, by this reasoning, 
if someone denies the cardinal symptoms of depression 
(depressed mood and anhedonia), then any other de-
pression symptoms endorsed (e.g., sleep disturbance, ap-
petite change, etc.) cannot be indicative of depression; 
they must be due to something else. By contrast, the ap-
proach used in the present study assumes that items on 
a scale are conceptually interchangeable (except for item 
parameter estimates, which will of course differ). Second, 
an assumption of all analyses here was that skipped 
symptoms might have been endorsed – i.e., there is a > 0% 
probability of someone endorsing a probe item even if 

D
ow

nl
oa

de
d 

by
: T

. M
oo

re
 -

 5
61

52
9

74
.1

09
.2

7.
23

7 
- 

1/
12

/2
02

1 
5:

43
:5

7 
P

M



Rosen/Moore/Calkins/Gur/GurPsychopathology 2019;52:358–366366
DOI: 10.1159/000505075

they did not endorse any screen items – but this assump-
tion is false for some disorders. Using posttraumatic 
stress disorder as an example, after the patient is asked 
about previous traumatic events, all subsequent items 
reference those traumatic events; therefore, if there were 
no traumatic events reported, posttraumatic stress disor-
der probe items can be skipped with exactly 0 loss of in-
formation. Despite the above weaknesses, however, the 
present study provides evidence that it is generally safe 
to assume non-administered probe items are “not en-
dorsed” when calculating sum scores, and this evidence 
is especially compelling when there are at least 4 screen 
items.
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