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Abstract

Computational mental health research develops
models to predict and understand psychologi-
cal phenomena, but often relies on inappropri-
ate measures of psychopathology constructs,
undermining validity. We identify three key
issues: (1) reliance on unvalidated measures
(e.g., self-declared diagnosis) over validated
ones (e.g., diagnosis by clinician); (2) treating
mental health constructs as categorical rather
than dimensional; and (3) focusing on disorder-
specific constructs instead of transdiagnostic
ones. We outline the benefits of using validated,
dimensional, and transdiagnostic measures and
offer practical recommendations for practition-
ers. Using valid measures that reflect the nature
and structure of psychopathology is essential
for computational mental health research.

1 Introduction

In computational mental health research, signif-
icant effort is invested in designing models to
predict and understand psychological phenomena.
Yet the validity and utility of these models can
be undermined when they rely on flawed or inap-
propriate representations of psychopathology (i.e.,
mental disorder). For example, a classifier can-
not validly predict depression if its training data is
based on an invalid measure of depression.

Measuring psychopathology constructs – rep-
resentations of psychological states or processes
like “depression” or “neuroticism” (Fried, 2017b)
– is challenging. Constructs are abstract and can-
not be directly observed (e.g., there is no single
biological indicator for depression) and diagnostic
systems like DSM-5 (American Psychiatric Asso-
ciation, 2013) and ICD-10 (World Health Organi-
zation, 2004) have slight variations in how they
define syndromes.

Yet clinical psychology has for decades invested
in validating measures of psychopathology (Cron-
bach and Meehl, 1955) and advancing measure-

ment techniques that reflect developments in psy-
chological science (Stanton et al., 2020). Recom-
mended measurement techniques include clinician-
administered interviews, self-report questionnaires,
and informant reports (Stanton et al., 2020). While
no measurement scheme is without error, tech-
niques exist to help ensure that a measure actually
taps the construct it purports to (a process known
as construct validity (Campbell and Fiske (1959)).

However, computational psychopathology re-
search has slow to adopt measurement techniques
from clinical psychological science, hindering
progress. Here, we highlight three key concepts
from clinical science—measurement validity, di-
mensional measurement, and transdiagnostic mea-
surement. Acknowledging that computational
research often turns to inappropriate measures
of psychopathology constructs due to the con-
straints of computational research – collecting
large-scale clinician-assessed data is expensive and
time-consuming, and existing or archival data can
be difficult or impossible to access due to privacy
concerns – we offer practical recommendations for
improved assessment of psychological phenomena
in computational research.

2 Measurement Validity

Computational research often infers mental health
conditions using methods with poor or unknown
validity. For example, some studies assume
a diagnosis based on forum membership (e.g.,
r/Depression) or self-declarations (e.g., “I have
depression”) on social media (Guntuku et al.,
2017), “proxy diagnostic signals” which have been
shown to have poor external validity (Ernala et al.,
2019). In other cases, computational researchers
write their own single-item measure of a psycho-
logical construct, rather than selecting an existing
measure with good validity (Allen et al., 2022).
The clinical science literature provides justifica-
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tion that all measurement methods are not equal
vis-a-vis validity: For instance, self-reported his-
tory of depression diagnosis only modestly agrees
with semi-structured diagnostic interview findings
(Stuart et al., 2014; Sanchez-Villegas et al., 2008).

To mitigate this, computational researchers
should use measures of psychological constructs
with good validity. Gold standard psychopathol-
ogy assessment typically involves a clinician-
administered structured or semi-structured inter-
view (e.g., Structured Clinical Interview for DSM-
5; First et al. (2016) based on an established psy-
chopathology classification system (e.g., DSM-5.
As an alternative, self- or informant-report mea-
sures that have undergone rigorous psychometric
evaluation, such as the PHQ-9 (Kroenke et al.,
2001), can be used (Stanton et al., 2020).

2.1 Limitations of Self-Report Questionnaires

Self-report methodology, while offering high lev-
els of convenience, has meaningful limitations of
which computational researchers should be aware:

Bias. Self-report measures are vulnerable to biased
patterns of responding such as participant lack of
insight or yay- or nay-saying biases (Hunt et al.,
2003), which can introduce systematic errors into
computational models.

Specificity of Constructs. Self-report tools may
be imprecise measures of psychological constructs.
Evidence exists that putative self-report measures
of depression may in fact capture general distress
(Coyne, 1994; Kendall et al., 1987) or anxiety
(Breslau, 1985) rather than just depression. This
lack of precision can weaken model predictions
and blur construct boundaries.

Using Tools Outside Their Intended Setting.
Self-report measures may be less effective when
used outside their original context. For example,
the PHQ-9, designed for primary care, has low
specificity and PPV in specialty mental health set-
tings (Inoue et al., 2012), limiting its validity in
clinical samples. Developed as a screening tool, it
maps perfectly onto DSM-5 criteria, but it does not
assess other symptoms associated with depression,
like self-dislike or low libido, meaning it has a nar-
rower possible range than measures that capture a
wide range of symptoms. Using tools beyond their
intended purpose may reduce model accuracy, and
range restriction can attenuate effects (see below).

3 Dimensional Measurement

Mental health constructs can be assessed dimen-
sionally (e.g., on a scale from 0 [no depression]
to 10 [extreme depression]) or using categorical
labels (not depressed vs. depressed). Despite com-
putational research tending to employ categorical
measurement schemes, most psychopathology con-
structs are inherently dimensional, as evidenced by
the following:

At the manifest (observable) level, symptoms
show a monotonic relationship with functional out-
comes (Kessler et al. (2006); Ruscio et al. (2007,
2008); Cuijpers et al. (2004); Judd et al. (1997)).
Even mild or infrequent depression symptoms that
fall below the DSM-5 criteria for major depressive
disorder are associated with impairment. How-
ever, categorical representations of psychopathol-
ogy group all subthreshold symptom presentations
together, obscuring mild yet clinically meaningful
dysfunction (Ruscio, 2019).

Furthermore, longitudinal research reveals that
individuals frequently fluctuate between levels of
severity of symptoms over time, including crossing
thresholds above and below thresholds week-by-
week (Chen et al., 2000; Judd et al., 1997), making
diagnoses somewhat arbitrary depending on the
time of evaluation.

At the latent level, taxometric analysis of psy-
chometric variables, which compares categori-
cal and dimensional models (Ruscio and Ruscio,
2000), typically yields dimensional solutions. This
indicates that constructs like depression and anx-
iety have a natural, underlying structure that is
dimensional, not categorical (Haslam et al., 2012).

To reflect the true nature and structure of psy-
chopathology, computational researchers should
treat most mental health variables as continuous.
Using dimensional measures of psychopathology
can improve granularity of computational mod-
els (e.g., allowing models to differentiate between
moderate and severe symptom presentations), im-
proving accuracy and clinical utility.

4 Transdiagnostic Measurement

While diagnostic systems like the DSM-5 domi-
nate clinical practice and research, there is growing
recognition of transdiagnostic processes that cut
across the mental disorders (Harvey et al., 2004).
For example, avoidance is shared by many dif-
ferent types of anxiety disorders, including panic
disorder, specific phobia, and social anxiety dis-
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order. Growing evidence supports transdiagnostic
conceptualizations of psychopathology, including:

High Comorbidity. Mental disorders frequently
co-occur at rates far exceeding chance. For exam-
ple, people diagnosed with one anxiety disorder
are six times more likely to have another (Kessler,
1997), suggesting shared underlying mechanisms.

High Diagnostic Crossover. Many patients tran-
sition between diagnoses over time. For example,
20-50% of individuals diagnosed with anorexia
nervosa later develop bulimia (Eddy et al., 2008),
suggesting that existing diagnostic categories may
sub-optimally represent psychopathology.

Non-Specific Treatment Effects. Treatments
targeting one disorder often alleviate symptoms
of co-occurring conditions—for example, PTSD
treatments frequently reduce depression symptoms
(Barlow et al., 2014). This suggests that interven-
tions may be acting on transdiagnostic mechanisms
rather than disorder-specific factors.

In response, the field has introduced transdi-
agnostic classification models, such as NIMH’s
Research Domain Criteria (RDoC) (Insel et al.,
2010), which defines cross-cutting dimensions like
“reward responsiveness” and "potential threat," and
the Hierarchical Taxonomy of Psychopathology
(HiTOP) (Kotov et al., 2017), which groups to-
gether frequently co-occurring symptoms.

Transdiagnostic measures offer increased par-
simony and can better reflect the psychopathol-
ogy vis-à-vis syndrome-specific alternatives (e.g.,
Stade et al. (2023a); See Stanton et al. (2020) for
guidance on selecting transdiagnostic measures).

5 Impact of Poor Measurement

Using measures with poor validity, or using cate-
gorical or syndrome-specific measures, can nega-
tively impact computational research. Key impli-
cations include:

Reduced Resolution. Using categorical labels
for psychopathology oversimplifies complex con-
structs, discarding valuable information about
symptom severity, which is important for model
accuracy and has clinical utility (e.g., the differ-
ence between moderate and severe depression is
meaningful to clinicians).

Mis-Classifying Boundary Cases. Relatedly, cat-
egorical representation of psychopathology risks
misclassifying individuals who fall close to the
diagnostic boundary.

Risk of Type II Errors. Dichotomizing variables
that are continuous in nature sacrifices statisti-
cal power (Cohen, 1983) and reduces reliability
(Markon et al., 2011), increasing the risk of Type
II errors.

Overfitting and Poor Generalization. Noisy mea-
surements cause models to learn spurious patterns,
reducing reliability and real-world applicability.

Misleading Interpretations. Poor measurements
can cause misleading conclusions about mental
health constructs, such as conflating depression
overlapping yet different constructs, like anxiety
or negative emotionality.

Erosion of Clinical Utility. For computational
models to have practical relevance in mental health
care, they must provide insights or predictions that
clinicians can act upon. Models based on bad mea-
surements often lack this clinical utility.

Bias Amplification and Inequities. Inaccurate
measurement can amplify bias, reinforcing dispari-
ties and inequities in mental health care.

Missed Opportunities for Scientific Progress.
Bad measurements limit scientific progress, pre-
venting meaningful contributions and advance-
ments in understanding mental health.

6 The Path Forward

By addressing the limitations of current measure-
ment practices in computational mental health re-
search, we hope to create more accurate, robust,
and impactful models. To strengthen the scien-
tific rigor and relevance of research, we offer the
following recommendations:

Consult Experts. Computational researchers can
refer to established guidelines and evidence-based
recommendations for the assessment of specific
constructs or disorders (e.g., Klein et al. (2005);
Antony and Rowa (2005); Shear and Maser (1994)).
Collaborating with clinical science colleagues
across departments can help guide appropriate mea-
sure selection. For projects aiming at immediate
clinical application, working closely with a clini-
cian is essential. Clinicians can offer expertise on
the tool’s clinical utility, including its relevance to
real-world practice, ease of use in clinical settings,
and alignment with existing diagnostic and treat-
ment workflows. They can also provide feedback
on whether the tool offers actionable insights for
patient care, supports case conceptualization and
treatment planning, and meets the practical needs
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of diverse clinical populations.

Improve Methodological Rigor When Using
Proxies. As previously described, proxy diag-
nostic signals, such as self-identified diagnoses
on social media, have poor validity (Ernala et al.,
2019). Suggestions for improving the methodolog-
ical rigor of research using proxies include par-
ing proxy diagnostic signals with offline clinical
datasets (Inkster et al., 2016) – a strong correla-
tion between the proxy and an established clinical
outcome, even in just a subsample of participants,
could serve to demonstrate the validity of the proxy
variable – and combining multiple proxies to im-
prove reliability (Ernala et al., 2019). At the very
least, researchers using proxies should clearly state
their limitations, e.g., a Twitter-based depression
variable should be distinguished from a clinically
validated diagnosis, with a note that future research
using higher validity measures is needed.

Adopt Dimensional Measurement. Avoid mea-
suring mental health constructs into binary cat-
egories (e.g., “depressed” vs. “not depressed”).
Choose dimensional measures that capture severity
gradients and avoid dichotomizing continuous vari-
ables to form diagnostic categories. Researchers in-
terested in diagnostic status could test this variable
in secondary analyses (e.g., (Stade et al., 2023b)).

Critically Evaluate Disorder-Specific Measures.
Before selecting a construct of interest and its cor-
responding measure, carefully evaluate whether a
disorder-specific approach is necessary. For ex-
ample, many researchers express interest in index-
ing anxiety, yet do so using the GAD-7 (Spitzer
et al., 2006), which measures the symptoms of
generalized anxiety disorder, a disorder of fre-
quent and uncontrollable worry. Yet uncontrol-
lable worry only represents one form of anxiety
pathology. Measures that are not disorder-specific
(e.g., MASQ Anxious Symptoms subscale (Watson
et al., 1995)) better capture features and processes
that cut across the anxiety disorders. Researchers
should use syndrome-specific measures only when
this truly aligns with their research goals.

Adopt a Process-Oriented Approach. Instead of
focusing solely on specific disorders or syndromes,
consider examining transdiagnostic processes. For
example, studying constructs that encompass mul-
tiple diagnostic categories, such as “internalizing
psychopathology” or “fear," can offer more gen-
eralizable and integrative insights than research
limited to a single diagnosis (e.g., major depres-

sion, specific phobia).

Think Beyond Psychopathology. There are many
non DSM-5 constructs that are important for health
and well-being, especially those that confer risk
or protection for psychopathology, such as neuroti-
cism, perfectionism, resilience, and disinhibition.
The HiTOP “components/traits” level of analysis
(e.g., DeYoung et al. (2022) offers a starting place
for exploring non DSM-5 constructs.

Maximize Range on Variables of Interest. Since
many psychopathology constructs are dimensional,
researchers should recruit participants with vary-
ing levels of the construct. For example, when
studying depression, aim to include the widest pos-
sible range of depression severity scores, including
subthreshold presentations (e.g., individuals who
have symptoms of depression that do not meet
DSM-5 major depressive disorder criteria). Maxi-
mizing range on variables of interest should also
yield greater effect sizes, since range restriction
attenuates effects (Linn, 1968).

Attend to Reliability. Reliability sets the upper
limit of validity and is crucial for research. Assess
reliability using metrics like Cronbach’s alpha for
self-report (Cronbach, 1951), the intraclass corre-
lation coefficient, for dimensional observer ratings,
or Cohen’s Kappa, for categorical observer ratings
(Hallgren, 2012). Training raters thoroughly and
enhancing rater competency can ensure good relia-
bility (Reichelt et al., 2003; Creed et al., 2016).

Consider Condition Heterogeneity. Mental
health conditions are highly heterogeneous, with
significant variability in symptom presentation and
individual experiences. Two patients with a DSM-
5 diagnosis of major depressive disorder may not
share a single symptom (Fried, 2017a). Study de-
signs should account for this variability – includ-
ing by analyzing individual symptoms (Fried and
Nesse, 2015) – to avoid oversimplification.

Address Comorbidity. Mental health conditions
often co-occur and share overlapping symptoms,
hinting that effects thought to be driven by one dis-
order could be driven by co-occurring conditions.
Researchers can account for comorbidity using sta-
tistical controls (e.g., (Stade et al., 2023b)) or mea-
sures that disentangle overlapping conditions (e.g.,
(Watson et al., 1995)), increasing confidence that
effects are unique to a given condition.

Adopt Longitudinal Measurement. Psy-
chopathology dynamically evolves over time, both
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in terms of severity and diagnostic label. Longi-
tudinal methods of data collection, and analyses
using temporally-aware models or time-series anal-
yses, could help address this reality. Although
not historically accounted for in computational re-
search, recent work has begun to examine the rela-
tionship between symptoms and language features
over time (e.g., Nook et al. (2022)).

We acknowledge that some of the proposed
suggestions are challenging for NLP researchers
to implement: Computational researcher may re-
quire sample sizes prohibitively large for conduct-
ing semi-structured diagnostic interviewing (pro-
hibitive from a resource perspective, and even the
interaction required to collect self-reported scores,
as opposed to social-media based proxy measure-
ment, which may require no interaction between
researchers and participants, may be more resource-
intensive or involved than is actually feasible. Es-
pecially if doing social-media based research re-
quires no interaction with participants whatsoever.
Therefore, while advocating for clinician-assessed,
dimensional psychopathology measurement as the
gold-standard, we suggest that researchers seeking
to strengthen measurement approaches can adopt
an “n+1” approach, where they seek to take one
step towards improved measurement. For example,
researchers planning to administer a single-item
measure can weigh the pros and cons of this ap-
proach (Allen et al., 2022) and select a measure
with demonstrated validity in their population of
interest (e.g., Joiner et al. (2025)) rather than writ-
ing their own item from scratch. Researchers can
follow the guidelines for selecting measures in line
with transdiagnostic frameworks (e.g. Stanton et al.
(2020)) rather than using disorder-specific mea-
sures. To demonstrate what different measurement
strategies can look like, we present in Table 1 a
matrix demonstrating measures of social anxiety
that systematically vary on the categories we have
highlighted in this paper (validated vs. unvalidated,
categorical vs. dimensional, and disorder-specific
vs. transdiagnostic). Even incremental improve-
ments can significantly improve validity and utility.

Beyond this, the field sorely needs large,
publicly available datasets that include natural
language from well-characterized clinical sam-
ples, perhaps created leveraging something like
a practice-research network (Parry et al., 2010).
Given that many academic mental health clinics
routinely administer the same semi-structured in-
terviews, the aggregation of such recordings could

be utilized. Diagnostic interviews can be a partic-
ularly efficient source of data, because they yield
language as well as measurement of psychopathol-
ogy constructs, and they are often audio recorded.
It is possible to use to predict diagnostic sever-
ity scores obtained from a separate section of the
interview (e.g., Stade et al. (2023b).

Accruing this type of large, shared dataset is
not without challenges, one of which is the issue
of confidentiality. It is difficult to acquire natu-
ral language data that are not identifiable or semi-
identifiable in some way; and to conduct compu-
tational research, this dataset would need clini-
cal variables; risking the disclosure of PHI. How-
ever, a potential workaround is not making the
raw language public but instead extracting a range
of linguistic features (including basic, dictionary-
based features as well as more sophisticated, trans-
former/embedding based features) available.

7 Discussion and Conclusions

We highlight challenges in measuring mental
health constructs in computational research and
propose ways to improve validity. Key issues in-
clude overreliance on categorical frameworks, ne-
glect of condition heterogeneity, and inadequate
transdiagnostic measures.

Categorical frameworks like the DSM-5 over-
simplify constructs, while dimensional ap-
proaches—capturing severity and shared symp-
toms—enhance model accuracy. Focusing on trans-
diagnostic constructs, like “negative affect,” pro-
vides a holistic understanding of mental health.

Condition heterogeneity complicates analysis,
but transdiagnostic approaches can address comor-
bidity and overlapping symptoms. Poor measure-
ment practices introduce errors and biases, so re-
searchers should prioritize validated instruments
and diverse datasets.

We argue that researchers should adopt dimen-
sional measures, assess disorder-specific metrics
critically, and ensure sample diversity. Implement-
ing transdiagnostic approaches, rater calibration,
and reliability checks will further enhance validity.

In conclusion, improving measurement practices
is crucial for advancing computational models and
mental health care, capturing the complexity of
psychopathology, and driving progress in the field.
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8 Limitations

While this work highlights critical issues in the
measurement of mental health constructs and pro-
vides practical recommendations, it is important to
acknowledge its limitations.

First, although we emphasize the importance
of validated measures, we recognize that resource
constraints and practical barriers may prevent many
researchers from employing clinician-rated assess-
ments or developing fully validated instruments.
These barriers underscore the need for scalable,
cost-effective alternatives that balance feasibility
and validity.

Second, while we center our discussion on prac-
tices and pitfalls in the computational research
community, we do not mean to imply that com-
putational researchers are the only ones making
these mistakes. These measurement issues we out-
line here are common in behavioral health research
more broadly, including psychiatric and psycholog-
ical research. Addressing these challenges compre-
hensively will require a broader interdisciplinary
effort that includes collaboration across fields.

Third, while we focus on dimensional and trans-
diagnostic measurement approaches, we acknowl-
edge that these may not be universally applicable.
Certain clinical scenarios may necessitate categor-
ical diagnoses for treatment decisions, and some
researchers may have justifiable reasons for focus-
ing on specific disorders. Future work should aim
to provide clearer guidance on when categorical, di-
mensional, or transdiagnostic approaches are best.

Fourth, this work does not claim to exhaustively
address all the challenges in the measurement of
mental health constructs. Other significant issues,
such as the influence of cultural biases, ethical con-
siderations in mental health data collection, and the
challenges of interpreting results from large-scale
datasets, also warrant attention but fall outside the
scope of this discussion.

Finally, while we provide practical recommen-
dations, the field still lacks consensus on "best
practices" for measuring mental health constructs
in computational research. More empirical studies
are needed to evaluate the relative merits of differ-
ent measurement approaches and their impacts on
model performance and real-world applications.

Despite these limitations, we hope that this work
stimulates critical reflection and contributes to ad-
vancing the validity and utility of mental health
research in computational contexts.
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Table 1: ADIS-5L = Anxiety and Related Disorders Interview Schedule for DSM-5 (Brown and Barlow, 2014);
IDAS-II = Inventory of Depression and Anxiety Symptoms (Watson et al., 2012); IMAS = Interview for Mood
and Anxiety Symptoms (Kotov et al., 2015); MASQ = Mood and Anxiety Symptom Questionnaire (Watson et al.,
1995); SCID-5 = Structured Clinical Interview for DSM-5 (First et al., 2016); SPIN = Social Phobia Inventory
(Connor et al., 2000).
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