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OBJECTIVES. Efficient and accurate instru-
ments for assessing child psychopathology are
increasingly important in clinical practice and
research. For example, screening in primary
care settings can identify children and adoles-
cents with disorders that may otherwise go
undetected. However, primary care offices are
notorious for the brevity of visits and screen-
ing must not burden patients or staff with long
questionnaires. One solution is to shorten as-
sessment instruments, but dropping questions
typically makes an instrument less accurate.
An alternative is adaptive testing, in which a
computer selects the items to be asked of a
patient based on the patient’s previous re-
sponses. This research used a simulation to test
a child mental health screen based on this
technology.

RESEARCH DESIGN. Using half of a large sam-
ple of data, a computerized version was devel-
oped of the Pediatric Symptom Checklist
(PSC), a parental-report psychosocial problem
screen. With the unused data, a simulation was
conducted to determine whether the Adaptive
PSC can reproduce the results of the full PSC
with greater efficiency.

SUBJECTS. PSCs were completed by parents
on 21,150 children seen in a national sample of
primary care practices.

RESULTS. Four latent psychosocial problem
dimensions were identified through factor
analysis: internalizing problems, externalizing
problems, attention problems, and school
problems. A simulated adaptive test measur-
ing these traits asked an average of 11.6 ques-
tions per patient, and asked five or fewer
questions for 49% of the sample. There was
high agreement between the adaptive test and
the full (35-item) PSC: only 1.3% of screening
decisions were discordant (� � 0.93). This
agreement was higher than that obtained using
a comparable length (12-item) short-form PSC
(3.2% of decisions discordant; � � 0.84).

CONCLUSIONS. Multidimensional adaptive
testing may be an accurate and efficient tech-
nology for screening for mental health prob-
lems in primary care settings.

Key words: Children’s mental health prob-
lems; computerized adaptive testing; IRT; pri-
mary care; screening tests. (Med Care 2002;40:
812–823)

Mental health assessment instruments are often
too long for clinical or research use. Computerized
Adaptive Testing (CAT) tailors a test to the re-
sponses of an individual in real time.1,2 The sta-
tistical methodology underlying adaptive testing is
well established and there is considerable experi-

ence in using it in other domains of measure-
ment.3 By selecting the question that is most
informative for the examinee, given her prior
responses, the CAT algorithm is designed to min-
imize the number of questions asked without
appreciably compromising accuracy. This study
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used simulation to test whether these advantages
might be obtained in a computerized adaptive
version of a child mental health assessment.

Primary care is an important potential site for
mental health adaptive testing. Epidemiological
studies indicate that 5% to 15% of American
children have serious problems in psychosocial
functioning.4–6 Most of these children do not
receive specialty mental health services, but are
seen in general medical settings.7,8 Unfortunately,
primary care practitioners have had low rates of
recognition of these problems.9,10 This means that
many children who might benefit from mental
health treatments do not receive services.

One way to improve the recognition rate for
childhood mental health problems is to have
primary care clinicians screen children for these
problems during office visits.11,12 Among the ob-
stacles to screening are the time constraints on
office visits and the competing health concerns for
which screening may be appropriate. Hence, there
is a need for accurate, efficient screening technol-
ogies for mental health problems.

One approach previously pursued by this group
and others has been to develop brief screening
instruments.13–15 These projects typically seek to
condense an existing child psychosocial problem
inventory into a short list of items. Short forms of
tests frequently rely on classic test theory16 to
identify a minimal, fixed list of items to classify
respondents. Classic psychometric principles
stress having as few items as possible, but with
high reliability. Therefore, the items chosen for the
short form of a test are often in the middle range
of difficulty and are almost alternate forms of each
other. This leads to floor effects for the healthy
and—more importantly in this context—ceiling
effects for the highly impaired.17

The adaptive testing algorithm requires a prior
Item Response Theory (IRT) analysis.18–20 IRT
defines a probability model that explains patients’
responses to test items in terms of one or more
unobserved (or latent) dimensions of psychopa-
thology. This model can be inverted, permitting us
to estimate the latent psychopathology scores
from any subset of item responses. Further, in the
classic model, each question is supposed to have
equivalent information about a patient, and there-
fore should ask about a similar level of severity of
disorder. However, rather than having inter-
changeable questions, a good mental health
screen should include a mix of questions including
some for each relevant level of severity. The IRT

model recognizes that questions have differential
relevance based on the severity of the patient’s
disorder, and it provides a method for choosing
among questions on that basis. Moreover, IRT
methods permit the estimation of a trait score for
a patient from any subset of items from the
complete instrument. This is essential for adaptive
testing, where we do not know in advance which
questions the patient will be asked.

The Adaptive PSC is based on a multidimen-
sional model IRT,21–24 in which item responses
depend on more than one latent trait. Studies of
child and adult symptom inventories frequently
find multiple dimensions of psychopathology25,26

because of the pervasive comorbidity found
among psychiatric disorders.

We applied the technique of computerized
adaptive testing to remedy the problems involved
in primary care screening for mental health prob-
lems. Computerized adaptive testing has two
components. First, it is computerized, which has
several advantages.27 A screen with a single ques-
tion may be less daunting to a patient than a long
list. Computerization can provide near instanta-
neous feedback to patient or clinician. There is less
inaccuracy caused by inaccurate scoring and illeg-
ible handwriting. Research on computerized
tests28 has shown that the medium has few effects
on how subjects respond. Finally, patients may
disclose information to a computer that they
would not reveal face-to-face.29

Computerized adaptive testing goes a step far-
ther. ‘Adaptive’ means that the computer follows
an algorithm that administers the test to a patient
one question at a time, at each step using the
patient’s prior responses to decide, first, whether
to stop or to ask another question. If the latter, the
algorithm must decide which question to ask.

To make the stopping decision, following each
question the algorithm estimates the precision of
its estimate of the patient’s latent psychopathol-
ogy. When used as a screen, an adaptive test stops
as soon as the estimate of latent psychopathology
is sufficiently precise that we can say that it falls
above or below the criterion for a positive case
with a specified level of confidence. Hence, the
computer adapts the test to use the fewest items
required to assess that patient accurately. By com-
parison, a brief test using a fixed list of items will
have too few items to accurately measure some
patients, while posing unnecessary questions to
others. Thus, an adaptive test is an attractive
technology for screening in the primary care set-
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ting, because it minimizes the time required from
clinician and patient, and, conversely, may com-
promise accuracy less than a fixed-item short-
form test.

When the latent trait is multidimensional, there
are many ways to implement the stopping. As will
be seen, we found dimensions of internalizing
problems, externalizing problems, attention prob-
lems, and school problems in the Pediatric Symp-
tom Checklist (PSC). The PSC was designed as a
screen for whether a child had a psychosocial
problem. Our subscales provide more specific in-
formation about possible diagnoses, to guide cli-
nicians to the appropriate follow-up evaluation.
Because we wanted to compare the Adaptive PSC
with the full PSC in the full PSC’s ordinary use, we
decided to estimate a total psychosocial problem
score from this profile of psychosocial problem
dimensions (see Appendix). The adaptive testing
stopped when the patient’s estimated total prob-
lem score was above or below the cutoff defining
the top 10% of the total score distribution.

Suppose now that we are in mid-test, that the
program has determined that we need more in-
formation about this patient and, so, must choose
another question to ask. Using the data already
collected about the respondent, the program cal-
culates an information statistic for each of the test
items that have not yet been posed. This statistic is
larger if the response to that item is expected to
make a greater reduction in the uncertainty about
the levels of psychosocial problems in this patient.
The computer then presents the maximally infor-
mative item to the respondent. An item will be
judged more informative, everything else being
equal, if the severity of the symptom described in
the question is similar to our current estimate of
the severity of the patient’s psychopathology.
Therefore, if we already have evidence of signifi-
cant psychosocial problems in a child based on the
responses thus far, the computer will discount the
value of items that primarily ask about minor
symptoms, and focus on those that ask about
severe symptoms.

The goal of this study was to test whether an
adaptive version of the PSC would lead to a
similar set of screening decisions as would the full
PSC, and to estimate how many fewer questions
would be asked. To this end, we programmed an
adaptive version of the PSC, and examined how it
performed in a simulation of adaptive testing. That
is, we wrote a program in which data collected
from parents using the (paper) 35-item PSC were

used to determine how parents might respond to
the adaptive PSC.

Importantly, the goal of this study was not to
validate the adaptive PSC, which would require
comparing decisions based on adaptive PSC data
to gold standard psychiatric diagnoses. The pur-
pose of this study was to test whether adaptive
testing would permit us to substantially reduce the
number of questions posed to patients, while still
obtaining screening decisions that agree with
those obtained using the full-length instrument.

Materials and Methods

Pediatric Symptom Checklist

Our adaptive test is based on the Pediatric
Symptom Checklist (PSC),12,30–32 a 35-item ques-
tionnaire reviewing a parent’s impressions of a
child’s symptoms and behaviors. Parents rate each
symptom as occurring “never,” “sometimes,” or
“often,”and in the conventional scoring, the child
gets 0, 1, or 2 points respectively for each response.
The PSC had high sensitivity (95%) but only
moderate specificity (68%) when compared
against interview-based assessments of children’s
problems in psychosocial functioning.33 It also
agreed moderately well (� � 0.52) with a screen
based on the behavior problem scale of the Child
Behavior Checklist.25,34 The PSC is widely used in
pediatric research.

Sites and Settings

All clinicians participating in the Child Behavior
Study (PI: Kelleher, MH 50629) were included for
this research (401 clinicians in 44 states, the Com-
monwealth of Puerto Rico, and four Canadian
Provinces). More extensive descriptions of the
sample and study methods are available in previ-
ous publications.35,36

Sample

Each participating clinician enrolled a consecu-
tive sample of approximately 55 children aged 4 to
15 years (x� � 8.8, SD � 3.2), presenting for
nonemergency care with a parent or primary care-
taker. We enrolled a child only once and excluded
children seen for procedures only. Of 24,183 eligi-
ble children, 22,059 (91.2%) participated. Partici-
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pating and eligible but nonparticipating children
did not differ in age (P �0.16) or gender (P �0.20).

Of the 22,059 distinct children seen in office visits,
909 (4.1%) were dropped because they were missing
data on race or the clinical disposition of the case, or
more than three scores on the PSC. This resulted in
a study sample of 21,150 visits. We recruited only one
child per family and each child appears only once in
the data set. Of these visits, 3742 (17.7%) had one or
more missing items on the PSC. The number miss-
ing ranged from 0 to 10, and the average visit with
missing data had 1.43 missing scores out of 35.
Viewed as a proportion of all PSC item responses
(21,150 visits � 35 items), only 0.73% of PSC item
responses were missing. If a response was missing
for a child on a particular question, we randomly
generated a new response from a multinomial dis-
tribution based on the distribution of responses to
that question in the nonmissing data. The sample
size analyzed here was therefore 21,150.

Procedure

Parents filled out the PSC after providing in-
formed consent and before their visit with the
primary care clinician.

Statistical Methods

We began by fitting factor analysis models to a
randomly selected half of the data (n � 10,523, here-
after called the development data set) using the
program Mplus 2.0.37 We conducted the simulation
on the test data set, that is, the 10,067 cases that were
not in the development data set. For each test case,
the simulation began by asking the question that
was most informative based on the assumption that
the child’s latent score was the population mean.
Because this was an actual case with a completed
35-item PSC, we knew how this particular parent
responded to each PSC question, and we assumed
that the parent would have made the same response
had the question been asked on a computer. Taking
that actual response in the test data as the response
to the first question in the simulated adaptive testing
session, the computer used the adaptive testing
algorithm to choose the next question. Similarly, at
each subsequent step we used parents’ actual re-
sponses to questions to drive the algorithm forward.
The only exception is when 35 questions were asked.
At this point, the parent had completed the entire
PSC, the algorithm stopped, and we scored the case
conventionally by summing the item value.

TABLE 1. Characteristics of Children and Families

Child/Family
Variables Category Percentage

Child’s age (y) 4–7 46

8–11 31

12–15 23

Percentage female 50

Race/Ethnicity White 87

Black 7

Other 6

Hispanic 4

Highest parental education No Parent � high school 23

One parent � high school 55

One parent � college 22

Insurance types* Managed Care 54

Fee-for-Service 37

Uninsured 5

Canadian 2

Medicaid 18

N � 21,150.
*Insurance Type percentages do not add to 100% because the categories are not mutually exclusive.
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From each case, we collected the screening
decision based on the 35-item PSC, the decision
based on the adaptive PSC, and the number of
items that the program asked. We calculated the �
statistic for the agreement between the 35-item

and adaptive PSC, and the sensitivity, specificity,
positive predictive value, and negative predictive
value of the adaptive PSC, taking the 35-item PSC
as the criterion with which the adaptive PSC
should agree. We stress that terms like ‘sensitivity,’

TABLE 2. MIRT Latent Dimensions and Item Parameters

Item

Latent Dimensions (‘a’ parameters) Thresholds

Internalizing School Externalizing Attention b1 b2

Complains of aches or pains 0.379 �0.648 1.651
Spends more time alone 0.511 �0.029 1.644
Tires easily, little energy 0.461 0.606 1.946
Fidgety, unable to sit still 0.777 �0.214 1.066
Has trouble with a teacher 0.654 0.228 0.723 1.759
Less Interested in school 0.884 0.550 1.618
Acts as if driven by a motor 0.713 0.354 1.391
Daydreams too much 0.394 0.392 0.440 1.688
Distracted easily 0.910 �0.193 1.095
Is afraid of new situations 0.520 �0.201 1.506
Feels sad, unhappy 0.786 �0.232 1.852
Is irritable, angry 0.523 0.308 �0.559 1.473
Feels hopeless 0.855 0.864 2.091
Has trouble concentrating 0.335 0.631 �0.047 1.302
Less interest in friends 0.723 0.974 2.124
Fights with other children 0.748 �0.046 1.728
Absent from school 0.531 1.087 2.157
School grades dropping 0.855 0.942 1.942
Is down on him or herself 0.671 0.140 0.437 1.843
Visits doctor with doctor finding nothing

wrong
0.336 1.033 1.988

Has trouble sleeping 0.580 0.506 1.767
Worries a lot 0.667 0.270 1.685
Wants to be with you more than before 0.571 0.270 1.714
Feels he or she is bad 0.471 0.340 0.715 2.148
Takes unnecessary risks 0.433 0.360 0.655 1.852
Gets hurt frequently 0.356 0.311 0.688 1.962
Seems to be having less fun 0.820 0.829 2.100
Acts younger than children his or her age 0.748 0.703 1.742
Does not listen to rules 0.548 0.317 �0.393 1.321
Does not show feelings 0.293 0.340 0.476 1.811
Does not understand other people’s

feelings
0.803 0.070 1.714

Teases others 0.699 �0.157 1.579
Blames others for his or her troubles 0.808 �0.097 1.405
Takes things that do not belong to him or

her
0.686 0.581 1.994

Refuses to share 0.644 0.005 1.968

The dimensions are correlated as follows:

Externalizing Attention School

Internalizing 0.624 0.608 0.684

Externalizing 0.679 0.543

Attention 0.676
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as used in this article, do not have their usual
implication of validation against a diagnostic gold
standard. Instead, these terms refer to the compar-
ison of decisions based on the adaptive PSC to
those based on fixed-length PSC scores.

Results

Factor Analysis

We found four correlated factors that accounted
for covariances among the PSC items: internaliz-
ing problems, school problems, externalizing
problems, and attention problems (Table 2). This
model had a Root Mean Square Error of Approx-
imation (RMSEA, which measures how well the
latent variables explain the observed covariances
among the items) equal to 0.059. Hu and Bentler38

recommend RMSEA � 0.06 as a criterion for a
good structural equation model. McDonald and
Mok39 recommend RMSEA � 0.05 as a rule of
thumb for IRT. The exact cutoff is somewhat
arbitrary. What the statistic shows is that the latent
psychosocial problem dimensions account for the
associations among the PSC items, which is an
assumption required by IRT.

We exploited a fundamental equivalence be-
tween factor analysis and MIRT to transform the
parameters estimated using factor analysis into the
parameters of the MIRT (see Appendix). Table 2
lists the PSC items and shows that the items that
load on a given dimension have face validity as
indicators of that dimension.

Simulation Results

There was high agreement between the adap-
tive and standard versions of the PSC: Only 1.3%
of decisions were discordant (� � 0.93; Table 3).
The sensitivity of the adaptive PSC (as an indicator
of a decision based on the full PSC) was 89.9%,
and the specificity was 99.9%. The positive predic-
tive value was 98.9%, and the negative predictive
value was 98.6%.

Average number of questions asked was 11.6
(Fig. 1). However, 49.0% of the cases were decided
using five or fewer questions, and 75.9% of deci-
sions were made with 17 or fewer questions,
which is less than half of the questions on the full
PSC. We examined the relationship between the
number of questions asked and the rate of discor-

dant decisions to find out whether disagreements
were more likely in cases where few questions
were asked. There was a higher rate of discordant
decisions (2.1% vs. 0.5%, P �0.001) among pa-
tients about whom six or fewer questions were
asked.

Next, we asked whether the rate of positive
screening outcomes was associated with the num-
ber of questions asked (Fig. 2). The program asked
an average of 9.9 questions in screens that resulted
in negative outcomes as compared with 25.3 in
positive cases (t(10625) � 45.2, P �0.0001). The
program stopped asking questions because it had
asked all 35 questions 11% of the time among
cases that screened negative and 53% of the time
among cases that screened positive (P �0.0001).

To provide a reference point to evaluate the
accuracy with which the adaptive PSC reproduced
the screening decisions of the full PSC, we devel-
oped a 12-item short form version of the PSC (12
items made the short form’s length similar to the
length of the average adaptive PSC administra-
tion). Using the development data set, we con-
ducted a stepwise linear regression of the PSC
total score. We used the first 12 items selected as a
fixed test, and scored the test using the regression
equation. Predicted scores �28 were considered
positive results on the short-form PSC.

The agreement between screening decisions
based on the short-form PSC and the 35-item PSC
was smaller than that for the adaptive PSC (Table
3: 5.4% of decisions discordant; � � 0.84). The
sensitivity of the short-form PSC was 85.9%, and
the specificity was 98.2%. The positive predictive
value was 70.4% and the negative predictive value
was 95.6%.

Discussion

Increased time pressures and patient volumes
push primary care clinicians to limit their activities
wherever possible and to increase efficiency. At
the same time, expectations from professional
societies, accountability organizations, and man-
aged care companies encourage screening and
case-finding for a variety of problems, such as
safety issues, parental depression, violence expo-
sure, and child psychosocial problems, and all
areas where clinician recognition is low.40–42 Ef-
forts to improve case-finding in primary care to
date have focused on the development of brief
tests with a fixed array of items. Although success-
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ful in disease or condition-specific research studies
and a few demonstration sites, most clinicians
have not adopted these measures, for several
reasons. These reasons include the intensive use of
office personnel to determine which children to
screen, which screens are appropriate for which
children, how to score the information, and how to
transmit the data to clinicians and the medical
record. Our results suggest that adaptive testing
can improve the efficiency of child mental health
assessments without compromising their accuracy,
and that it would be appropriate to conduct field
trials to determine whether the technology is
practical and cost-effective.

In a factor analysis of the PSC data, we found
four clinically meaningful dimensions on which
patients varied: internalizing problems, externaliz-
ing problems, attention problems, and school
problems. We believe that a profile of scores on
several dimensions of psychosocial problems may
be more useful to clinicians than a single overall

score, and as such is an important advantage of
the multidimensional approach.

We found few disagreements between the
screening decisions made by the adaptive PSC and
the standard PSC. The agreement was higher than
a comparable short-form version of the PSC that
used a fixed set of items. The adaptive PSC made
these decisions using fewer than 12 questions, on
average, that is, approximately one-third of the
questions on the full PSC. This suggests that
clinicians who used the full PSC as a screen would
be asking many questions that were unnecessary
for the screening decision. However, there may be
useful symptom information in the omitted ques-
tions of the full PSC.

The results also suggested that 12 questions
would be an appropriate number of items for only
a small subset of patients. The adaptive PSC
decided a majority of the cases using only a few
questions. The approximately 50% of cases that
were decided using five or fewer questions were

TABLE 3. Multidimensional Adaptive PSC and 12-Item Short Form PSC Versus Full PSC: Proportions
of Congruent Treatment Decisions

Full PSC

TotalNegative Positive

Adaptive Negative 9332 130 9462
PSC Positive 13 1152 1165
12-Item Short Negative 9255 253 9508
Form Positive 90 1029 1119

Total 9345 1282 10627

Based on the test data set.

FIG. 1. Number of questions asked by the adaptive
PSC.

FIG. 2. Percentage of positive screening decisions as a
function of questions asked.
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almost invariably cases who screened negative on
the adaptive PSC and would also have screened
negative on the full PSC. The adaptive test
stopped asking questions as soon as the patient’s
responses made it clear that further questions
were either unnecessary, because the patient did
not have the problem, or pointless, because the
patient denied that there was a problem. The
adaptive PSC asked many more questions about
positive cases, more than twice as many than the
fixed-length comparison short-form asked. In-
deed, for more than half of the children who
screened positive, the adaptive PSC used all 35
questions. For these children, the adaptive PSC
would have provided a clinician with all the item-
level data that the full PSC would have provided.
This is an attractive outcome, because the parents’
answers provide the clinician with information
about symptoms that can be discussed with par-
ents and can guide the clinician in further evalu-
ations to establish a diagnosis. Thus, an adaptive
test is efficient in two senses. First, it is briefer, on
average, than the fixed-length test that it replaces,
without significant loss of accuracy. Second, it
budgets the office time spent on screening for
mental health problems, allocating it primarily to
the patients who are most likely to have disorders.
A fixed-length test allocates too many questions to
most of the population, about whom there is little
concern, and too few to the impaired population.
Getting data about the latter is, after all, the
purpose of screening.

Limitations

As noted, we have not compared the adaptive
PSC with a diagnostic gold standard. In addition,
our study involved only a simulation of adaptive
testing based on the assumption that parents
would respond to questions presented adaptively
similarly to the way they responded on the paper
PSC. This assumption could be wrong if there are
large effects for either computer versus paper
administration or if the order of presentation of
the questions influences parental response.

However, even if computerized adaptive testing
has little effect on patient responses, we would have
obtained lower values of agreement between the
adaptive PSC and the full PSC using a design in
which an actual adaptive test was used to predict a
score obtained in a later administration of the full
test. If the same parent completed an adaptive PSC

and later completed a full PSC, then the agreement
between them would have been lower because of
both the (possible) effects of adaptive versus fixed-
item test procedure, and because of test-retest unre-
liability. We did not adopt this design for two rea-
sons. First, it would not have been possible to gather
a test-retest data set of this size. More importantly,
by eliminating the effect of unreliability, we were able
to focus our study on the differences that are caused
by adaptive procedure itself.

Conclusions

This is, to our knowledge, the first use of
multidimensional item response theory and adap-
tive testing in a medical context. We believe that
adaptive testing has important applications in
specialty mental health care, and health care gen-
erally.17,19 In primary care settings, however, where
office visits are brief and there are many areas in
which it would be of value to screen, the efficiency
of adaptive testing may be particularly advanta-
geous. In addition to improving the quality of
diagnostic data obtained, the time saved by using
this approach can be used to screen for other types
of problems that can affect the family’s health. For
example, physicians could screen children’s par-
ents for depressive symptoms, which are both
under-recognized and a significant factor in the
psychosocial problems in children and adoles-
cents.43,44 The simulation conducted here suggests
that using an adaptive test would free time for
such purposes with only a minimal loss of accu-
racy relative to using the full test.

What do we still need to know to decide about
whether to screen adaptively for child mental
health problems in the primary care setting? In
general, screening is justified when several criteria
are met.42 First, the condition must be common,
chronic, or costly; and there is broad consensus
that child mental health problems are all three in
primary care.4,5,7,9,10,45 Second, we need an accu-
rate screen. Our simulation suggests that present-
ing a fixed-item symptom inventory adaptively
loses little or no accuracy and improves efficiency.
Third, screening must be feasible in the primary
care setting. We have already demonstrated that
administering the full-length PSC in this setting is
feasible12 and that the adaptive version would be
shorter. However, we still must assess a host of
practical issues that may prove to be barriers to
implementing computerized testing in primary
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care. For example, is adaptive screening acceptable
to parents and clinicians? What are the total costs
of implementing it in primary care practices? Can
we adequately protect the security of patient data?
Is the technology dependable? Can clinicians be
induced to change existing practice patterns?
Fourth, there must be effective treatments for the
disorders, and there are for many childhood men-
tal health problems.46 Finally, the treatments must
either be deliverable in the primary care setting, or
patients must be successfully referred to specialty
care from that setting. We believe that it is (unfor-
tunately) still an open question whether it is
feasible to deliver effective mental health care to
children in primary care offices, and there are
widely-recognized problems in the referral of pa-
tients from primary care to specialists.47,48

In conclusion, adaptive testing appears to be a
more efficient and accurate way to screen for child
mental health problems in primary care than using
a fixed-item short-form screen. As such, it may
help us meet a necessary (but not sufficient)
criterion for screening for childhood mental health
problems in primary care. Adaptive testing may
also be useful in other domains of mental health
clinical or research assessment, particularly where
time or respondent burden must be minimized.
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Appendix: Estimating the Multidimensional IRT (MIRT) Model

In our MIRT model for the PSC, the probability
that a respondent i (that is, a parent reporting on
a child symptom) answering question j will answer
with category k or higher is dependent on four
latent scores characterizing the child’s psychoso-
cial problem status (�i1 to �i4):

P�Yij � k��i	

�� 1
exp��1.7�
q�1

4

ajq��iq�bjk	���1

, (1)

where k � 0, 1, or 2 for “never,” “sometimes,” or
“often.” Each dimension of latent psychosocial
problem status is scaled to have mean 0 and SD 1,
with a high score representing a higher level of
problems. The parameter bjk is the item location
parameter, which characterizes the severity of psy-
chosocial problems tapped by the jth question.
There are two bjk parameters, for k � 1 or 2, for
each item. They define thresholds for answering
“sometimes or often”—that is, P(Yj � 1|�i)—and
“often”—that is, P(Yj � 2|�i)—on the jth item. We
need only two parameters for a three-category rating
scale because P(Yj � 0|�i) � 1. The parameter ajq is
the slope, affecting the rate at which deviations of �iq

from bjk change the response probabilities.
There is an equivalence between factor analysis

models for categorical data and IRT models that
allows one to use factor analytic techniques to
estimate the parameters of multidimensional IRT
models.49,50 We estimated the MIRT model by
factor analyzing the categorical data.51 In the
factor analysis model, we postulate that the ob-
served categorical response Yij � k reflects that
state of an unobserved, normally distributed con-
tinuous variable Yij*, which in turn depends on a
small set of latent variables (the �s),

Y*ij �

�
q�1

4

� jq�iq � � jk

�
q�1

4 �
r�1

4

� jq� jrqr

. �2	

In this model, the �jqs are factor loadings, �jk is the
threshold that must be exceeded if Yij � k, and qr

is the covariance between �q and �r, with qq � 1.
The denominator of (2) makes the distribution of
Yij* standard normal. Then we can obtain the
MIRT parameters (1) by transforming the esti-
mated factor analytic parameters (2) as follows:

âjq � �̂ jq��1.7�
q�1

4 �
r�1

4 �̂jq�̂jr̂qr�, �3	

and

b̂jk �
�̂ jk

�
q�1

4

�̂ jq

. �4	

Multidimensional Adaptive Testing

To implement a multidimensional adaptive test-
ing algorithm, we need (a) a method for estimat-
ing the vector of latent traits for the respondent
and their covariance matrix, conditional on the
questions already asked. In addition, we need (b) a
rule for deciding whether to stop asking questions
based on those estimates, and (c) a method for
choosing the next question to ask, supposing that
we have decided not to stop. We used the Bayesian
expected a posteriori estimates of the latent trait
vector52,53, numerically integrating the equation

�̂i
�m	���

L�Yi
�m	��	 f��	

�L�Yi
�m	��	 f��	d�

d�, �5	

where Yi
(m) is the set of responses available on

respondent i after the m questions have been
asked, L(Yi

(m)��) is the likelihood of those m re-
sponses given �, and f(�) is the multivariate nor-
mal probability of � with E(�) � 0 and Var(�) � �.
Similarly, we used the Bayesian estimate of the
covariance matrix of the posterior distribution of
�̂i

(m), Ŵ(m).54

We made the decision about whether to stop
asking questions based on whether the child re-
vealed a high level of psychosocial problems, as
evidenced by a score on a higher-order factor
estimated from �̂i

(m). We denote this higher-order
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factor as �, and interpret it as a measure of total
psychosocial problems. We found the total psy-
chosocial problem score by fitting a single-factor
model to �, the covariance matrix of �. From this
we obtained coefficients (�q) to estimate a higher-
order factor score from the elements of �̂i

(m),

�̂i
�m	 � �

q�1

4

�q�̂iq
�m	.

The �q coefficient for school problems is .14 and
the rest range from .31 to .34, so � is roughly the
average of the dimensions, with school problems
slightly discounted relative to the other three.
Finally, we calculated the uncertainty about the

location of �i from the covariance matrix of the
posterior distribution of �,

�̂�
2 � �

q�1

4 �
r�1

4

�q�rŴqr
�m	.

This allowed us to calculate a 95% confidence
interval around �i based on the responses in Yi

(m).
We stopped the questioning when the confidence
interval did not contain the value 1.44, the cut
point bounding the upper 10% of the distribution
of �.

To choose the m 
 1th question to ask, the
algorithm picked the question whose answer
would result in the largest expected reduction in
the volume of the 95% credibility ellipsoid for �.
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