
Questionnaire Response Correlations
to Improve Efficiency: Preliminary
Evidence From the Healthy Brain
Network

Jon Clucas
Jake Son
MATTER Lab
Child Mind Institute
New York, NY 11102, USA
jon.clucas@childmind.org
jake.son@childmind.org

Michael P. Milham
Center for the Developing Brain
Child Mind Institute
New York, NY 11102, USA
Nathan Kline Institute
Orangeburg, NY 10962, USA
michael.milham@childmind.org

Anirudh Krishnakumar
MATTER Lab
Child Mind Institute
New York, NY 11102, USA
Centre de Recherches
Interdisciplinaires, IFFR
Paris, France
anirudh.krishnakumar@childmind.org

Arno Klein
MATTER Lab
Child Mind Institute
New York, NY 11102, USA
arno.klein@childmind.org

Open Access: The author(s) wish to pay for the work to be open access.
Every submission will be assigned their own unique DOI string to be included here.

Abstract
Questionnaires can be detrimentally long for some situ-
ations, presumably with dynamically diminishing returns.
With an unprecedented set of pediatric questionnaire re-
sponses (dozens of questionnaires and eventually 10,000
participants) from the Healthy Brain Network, the Child
Mind Institute MATTER Lab is exploring techniques to lever-
age correlations in responses to reduce the burden of ques-
tionnaires in mental health evaluation and monitoring.

Author Keywords
questionnaires; correlation; efficiency; pediatrics; psychiatry

CCS Concepts
•Applied computing → Health informatics;

Introduction
The Healthy Brain Network, a multimodal pediatric psychi-
atric biobank [1], includes dozens of questionnaires [3]. In
labs and in practice, questionnaires can be burdensome
to participants and to administrators. While a response to
any individual question is informative, the informative value
of each subsequent question will vary. With hundreds of
(eventually ten thousand) individuals’ responses to many
overlapping questionnaires, we are well-positioned to mea-
sure the relative information of pairs of questions. Knowing
these relative values can afford more efficient question-



naires, allowing administrators to automatically prioritize the
most informative questions.

Methods
We analyzed questionnaire responses from the first two
Healthy Brain Network releases (n=881 subjects, 79 ques-
tionnaires, 2,630 questions, available at http://fcon_1000.
projects.nitrc.org/indi/cmi_healthy_brain_network). For each pair
of question response vectors, we calculated and inverted
Pearson’s ρ, dropping any pairs for which abs(ρ) > 0. Fig-
ure 1 shows each question as a node connected by edges
of length 1

ρ . The code used to generate the figures is avail-
able in a Jupyter notebook at https://github.com/ChildMindInstitute/
questionnaire-correlations/releases/tag/v0.1.0.

Results
Our initial visual exploration indicated 30 groupings of cor-
related responses (see Figure 1), often linking questions
within a single questionnaire. Two of these clusters contain
only two questions each (the Fagerström Test for Nicotine
Dependence [5] questions "Are you currently a smoker?"
and "Have you been a smoker within the past two years?"
clustered only with one another; the Goldman-Fristoe Test
of Articulation [4] sounds-in-sentences completion clus-
tered only with accuracy from the same test). One cluster
contains 1,876 questions. The second-largest cluster con-
tains 66 questions (excluding the 1,876-question cluster:
mean=26, standard deviation=19.5). Most of the clusters
contain questions from only one questionnaire each, indi-
cating a sensitivity of this comparison method to artifacts
of questionnaire administration. Figure 2 shows a cluster
containing only questions from the Extended Strengths and
Weaknesses Assessment of Normal Behavior question-
naire [2], but questions about three disorders: Disruptive
Mood Dysregulation, Major Depressive and Social Anxiety.

Figure 1: 30 clusters of questions with correlated responses.
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Figure 2: One of the 30 clusters, enlarged, with edges hidden.

Future Work
We have also been employing a variety of methods, includ-
ing random forests [7][8], randomer forests [9] and proba-
bilistic metamodeling [6], to estimate the most informative of
this set of questions for predicting ADHD subtype consen-
sus diagnosis and Autism Spectrum Disorder consensus
diagnosis. The code for these analyses is available online
at https://github.com/ChildMindInstitute/questionnaire-diagnosis.
By employing a variety of methods, we can simultaneously
assess the applicability of each method and the strengths
of correspondence between categorically distinct data.
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