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Abstract
Given the diversity of human characteristics and experiences, personalization in nudges, messages, choice presentations,
interventions, and overall product design has been increasingly adopted in digital health to promote engagement. Past studies
on moderators and personalization in digital health and mental health services generally focused on demographic and symptom
variables, with generally inconsistent findings or null findings. Cognitive, motivational, and decisional psychological attributes
are largely overlooked. Psychology often uses long self-report scales to measure various psychological attributes. Although
they are useful in tapping into individuals’ psychological profiles, when applied in real-life, everyday settings to assess
individual differences, people are most likely unwilling to complete them. With the pressing need to personalize digital health
platforms to enhance uptake, retention, and engagement, ultrashort versions of these psychological scales may be considered to
allow assessment of multiple attributes at the same time. Scale shortening can be achieved through regression analyses of each
item, factor analyses, item response theory, ant colony optimization, and machine learning methods, with each method having
advantages, disadvantages, and conditions required to make it suitable. To illustrate, we provided examples of regression
analyses of each item and factor analyses, with potential implications for personalizing narrative versus research-based
messages in digital mental health contexts. We present a 3-tiered decision framework for scale shortening method selection
depending on goals and possible constraints, with guidelines on validation methods for ultrashort scales. Moving forward,
more validation studies and field studies in digital health platforms are needed to evaluate the ecological validity, reliability,
and generalizability of these methods, bearing in mind the limitations and conditions where such shortening methods may not
work well. Researchers may compare the effectiveness and limitations of personalization using ultrashort scales with other
commonly adopted personalization methods (eg, based on longer scales, behavioral data, and large language models). Ethical
concerns need to be considered and mitigated carefully, respecting diverse preferences, informed choices, and the privacy
of service users. Our viewpoint piece is primarily intended for digital mental health researchers and practitioners, but may
also be informative for the fields of digital health and medicine as well as personalization (eg, personalized health care,
personalized nudging, and message matching) more broadly, given the common goal of boosting uptake and engagement as
well as improving service users’ experiences.
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Scale Length as a Barrier to
Personalization in Digital Mental
Health
Human beings are heterogeneous, with diverse personalities,
social-cognitive characteristics, decision-making tendencies,
motivational orientations, perceptions, and experiences, etc
[1]. Given that one size does not fit all, personaliz-
ing messages, choice presentations, nudges, user interface
designs, and interventions are generally more effective
in encouraging uptake of healthy behaviors, promoting
engagement and health outcomes [1-12]. Such generally
positive effects are supported or partially supported by
numerous reviews, including meta-analyses in various
contexts, including digital health environments [2,8,10-13].
Evidence of personalization advantage in digital mental
health contexts is more mixed, with some studies showing
the advantage of personalized services over nonpersonalized
services [14,15]. However, there are studies demonstrating
positive effects of personalized digital mental health services
overall but not detecting differences between interventions
with and without personalization components (see the recent
reviews by Dandil and Kingston [14] and Schaeuffele et
al [15]). Pinpointing the causes of such discrepancies is
premature, since null findings do not imply the absence
of advantage and digital mental health studies comparing
personalized conditions with nonpersonalized conditions are
limited [14-16].

Past studies regarding personalization or moderation of
mental health services have generally focused on dem-
ographic and disorder-focused variables (ie, depression
symptom severity, anxiety severity, and clinical diagnosis
[17,18]). However, the effects of personalizing based on these
variables are inconsistent [17,18], and some service users are
concerned about privacy issues with sharing such potentially
sensitive mental health information [19,20]. Personalization
based on motivation, decision tendencies, and cognitive
styles may be promising as they have demonstrated posi-
tive effects in the broader health behavior and tailoring or
matching literature (see reviews by Joyal-Desmarais et al [2]
and Nikoloudakis et al [13]). These psychological attributes
capture the variability of humans in ways that are inherently
humanistic rather than medical. Many of these variables
are closely associated with health decisions [9] and thus
provide digital systems with valuable information to respond
to the whole person in more nuanced and effective ways.
With the availability of numerous validated individual-level
psychological scales, measuring them for personalization of
digital health services is potentially feasible [21,22]. One
major challenge is the length of these scales, especially
when added together. To tap into multiple psychological
characteristics, users may need to complete dozens or even
hundreds of items. Yet, most users are not willing to complete
such long questionnaires [23]. Relatedly, many users of
digital mental health platforms may be experiencing mental
health challenges, which may affect their cognitive load and
motivation [24]. Even though users may look for personalized

care, completing long questionnaires may require substan-
tial cognitive and motivational resources that add a burden
to these already-distressed individuals, possibly leading to
abandonment of the platform or service altogether [24,25].

Ultrabrief Scales in Digital Mental
Health
To tackle this practical obstacle, we propose shortening
psychological scales significantly to an ultrabrief version
(ie, 2‐4 items [13,14,16]), with empirical steps to retain
acceptable reliability and validity, so that personalization can
be made feasible without overburdening users [15]. In this
viewpoint piece, we aim to (1) introduce and recommend
various scale shortening methods for personalization purposes
in digital health with examples (refer to “Item Selection and
Scale Shortening” as well as “Selecting Items for Personali-
zation” sections), (2) discuss validity, reliability, and ethical
considerations (refer to “Validity and Reliability Consider-
ations” as well as “Ethical Considerations” sections), and
(3) propose a decision framework that takes account into
purposes, execution considerations, and constraints while
maintaining validity and reliability as well as examining
real-world applicability and effects (refer to “Recommenda-
tions on Practical Framework” section). We hope this piece
will drive more research studies on ultrashort scales for
personalization, facilitating applicability and improving user
experiences in personalization. We consider digital mental
health researchers and practitioners as the primary audience
of this piece, as personalization is a popular engagement-
boosting method in digital mental health spaces [16]. Given
widespread implementations of personalization [4], this piece
is also potentially relevant for digital health researchers and
practitioners in other non–mental health domains as well as
researchers and practitioners who are interested in personali-
zation of health-related services, recommendations, messages,
choice presentations, and nudges.

For decades, the use of very short scales to measure
health-related constructs has been widely adopted in public
health contexts. While there are many studies on scale
shortening in the broader psychology and health-medical
literature, work validating or applying brief scales for
personalization in digital mental health contexts remains
scarce. One exemplar is the shortening of Patient Health
Questionnaire-9 (PHQ-9) [26] and Generalized Anxiety
Disorder-7 (GAD-7) [27] into Patient Health Questionnaire-4
(PHQ-4) [28] that incorporated 2 items from each [29,30].
Hlynsson et al [30] found that Patient Health Questionnaire-2
(PHQ-2) and Generalized Anxiety Disorder-2 (GAD-2) are
effective at identifying people with significant symptoms
(with satisfactory discriminative validity) throughout different
stages, including pretreatment, midtreatment, and posttreat-
ment phases. When compared to their full versions, the short
forms demonstrated good reliability and validity, especially
at posttreatment for GAD-2. The PHQ-4 has now been used
in digital platforms and mobile apps as a screening meas-
ure and assists in content, service, or platform recommen-
dations or personalizations [31,32]. Given that the anxiety
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and depressive symptoms are highly prevalent in the general
population, the utility of such short scales can enable quick
screening. If non–symptom-focused psychological measure-
ments can also be abridged with sufficient reliability and
validity, they can offer a vast array of individual attributes for
personalization.

Item Selection and Scale Shortening
Currently, factor analyses (FAs), item response theory (IRT),
ant colony optimization (ACO), and machine learning (ML)–
based methods [33-35] are established ways to shorten scales.
FA is commonly adopted for scale shortening and may
involve selecting items based on higher factor loadings [36,
37] and tends to require smaller sample sizes than other

methods. The method using IRT selects items based on
more detailed information, including measurement precision,
item information, and item discrimination, and can maintain
precise estimation of the score of the original scale, but
requires a larger sample size than FAs [38-40]. ACO selects
the superior solution among multiple possible solutions but
performs better with 500 or more participants in general [41].
ML methods, notably genetic algorithms, also select the short
form with better prediction performances after considering
many combinations, but also need larger sample sizes, ideally
thousands of participants [33]. Each method has its pros,
cons, and practical challenges, which are summarized in
Table 1. Researchers may choose the appropriate statistical
methods based on the sample size, number of factors, and
technical knowledge or experience with relevant methods.

Table 1. Explanations, advantages, disadvantages or barriers, and suggested software or programs, packages, and/or modules of different scale
shortening methodsa.

Methods Explanation Advantages Disadvantages or barriers
Suggested software or programs,
packages, and libraries

Factor analyses • Selecting items
with the highest
factor loadings, as
shown in EFAsb

[36,37].

• Relatively feasible
and easy for
most researchers to
implement while not
requiring very large
sample sizes, with
many programs and
packages available.

• Similar goodness-of-
fit indices to more
complex methods such
as ACOc when there is
one factor [41].

• When there are 2
factors and there
is minor model
misspecification, poor
model-data fit can
occur, and FAsd

perform worse than
ACO [41].

• SPSS is a program that
requires payment or an
institutional subscription,
with both point-and--click
and syntax functions. The
basic SPSS program can run
EFA [42], whereas running
CFAe requires the Amos
add-on [43].

• Jamovi [44] is an open-
source program that allows
point-and-click and syntax,
with EFA and CFA functions.

• R (an open-source program)
Package lavaan provides
more options (such as
estimation methods and
multigroup CFA) for
conducting EFAs and CFAs,
with more information
reported (such as about
goodness of fit) [45].

• R Package psych can help
conduct EFAs and internal
consistency tests, with more
options available [46].

Item response theory • Selection of items
based on detailed
information,
including
measurement
precision, item
information, and
item discrimination
of each item [38].

• Provides more detailed
information for each
item, but not simply a
single reliability score
for the test in FAs
[38].

• Ensures sufficient
measurement precision
across the whole range
of the trait [38].

• More mathematically
challenging, and many
researchers may not
have the relevant
fundamentals for
implementing IRTf.

• Requires a large sample
size, generally 500
participants and ideally
larger, which may not
be feasible for some

• IRTPRO is a stand-
alone program designed
specifically for various IRT
tests, for both unidimensional
and multidimensional models
with both dichotomous and
polytomous data [48].

• MPlus is a program that
requires entering syntax, with
the advantage of integrating
IRT with other data analytical
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Methods Explanation Advantages Disadvantages or barriers
Suggested software or programs,
packages, and libraries

researchers and in some
contexts given resource
constraints [47]

methods such as factor
analytical methods, mixture
modeling and multilevel
mixed modeling [49].

• R Package mirt was signed
for multidimensional IRT,
with both confirmatory and
exploratory modeling [50].

• R Package TAM is
particularly suitable for
running IRT tests for
large-scale datasets, including
multidimensional, multilevel,
and multigroup modeling [51,
52].

• R Package ltm is designed for
unidimensional IRT but not
multidimensional IRT, and
may be more suitable for less
complex models [53,54].

Ant colony
optimization

• Involves
metaheuristic
algorithms to select
a better solution
among multiple
possible solutions,
with the goal of
maximizing model
fit [41,55]

• Can better select
items with higher
data-model fit by
considering multiple
variations and
selecting the superior
solution [55].

• Outperforms FAs in
goodness of fit
when there are 2
factors and model
misspecification is
present [41].

• Technically more
challenging to
implement, especially
for researchers
without computing
fundamentals.

• Very limited options
available that are
specifically designed
for ACO in short-
form development (R
Package ShortForm).

• Generally requires a
large sample of at least
500 participants, with
the sample split into
training and validation
samples [40]. Such a
large sample size may
be less implementable
in some contexts.

• R Package ShortForm can
facilitate short form creation
with the goal of maximizing
validity with criteria decided
by the researcher [35].

• HeuristicLab is a standalone
program with ACO functions,
requiring users to create
fitness or validity criteria for
item selection [56].

Machine learning–
based methods

• Selection of items
aiming to predict
participants’ sum
score or mean score
in the original
scale, with both
training dataset
and cross-validation
dataset [33].

• Considers
many possible
combinations of
short forms in
selecting the
short form with

• Can better maintain
predictive validity
[57].

• Can predict
participants’ scores
in the original scale
through a small
number of items
accurately [33].

• To achieve high
prediction performance,
large sample sizes,
ideally thousands of
participants, are needed
[33]. Such sample sizes
may not be feasible for
some studies.

• Lack of consistency
in items selected in
bootstrapped samples
[33].

• Requires higher
proficiency and
expertise in machine

• R Package GA offers
general-purpose functions
for genetic algorithms, but
requires more procedures
(such as creating functions)
by users to shorten the scales
and may be more suitable for
users with higher expertise in
R [58].

• Python DEAP (Distributed
Evolutionary Algorithms
in Python) is a library
in Python that consists
of evolutionary algorithms
functions, including genetic
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Methods Explanation Advantages Disadvantages or barriers
Suggested software or programs,
packages, and libraries

better prediction
performances,
through methods
such as genetic
algorithm [33].

learning and
programming, which is
not common in the field
of psychology.

algorithms, which can be
used for optimizing items to
be selected [59].

• HeuristicLab allows
customization of genetic
algorithms, which can be
used for scale shortening
[56].

Item-level moderated
regression analyses • Conducting

separate regression
analyses with
interaction between
each item of
the scale and
the condition,
possibly with alpha
correction.

• Item selection may
be based on 2‐4
items with the
largest interaction
regression
coefficients.

• Technically simple to
implement.

• Helps select items
with stronger
moderation effects,
which may be
more relevant and
efficacious for
personalization in a
specific context.

• The selected items
based on (larger)
regression coefficients
may not capture the
entire construct well.

• The items selected
may be sample
dependent and may lack
generalizability to other
samples.

• SPSS allows various forms of
regression analyses [42], with
the Process Macro add-on for
simple slope analyses [60].

• Jamovi consists of functions
for both logistic and linear
regression as well as simple
slope analyses [44].

• R glm and lm functions
(base R) can be adopted for
logistic regression and linear
regression, respectively.

aThe above table provides information on explanations, pros and cons, as well as suggested programs, packages, or libraries of different scale
shortening methods. This table is not meant to be a comprehensive review of various scale shortening methods but to encourage scale shortening
for the purposes of personalization in digital health contexts. The table only provides a very brief summary of various methods. For more details
regarding various scale shortening methods, see [33,34,41].
bEFA: exploratory factor analysis.
cACO: ant colony optimization.
dFA: factor analysis.
eCFA: confirmatory factor analysis.
fIRT: item response theory.

Selecting Items for Personalization
Researchers may conduct moderation analyses with the
abridged questionnaires to examine whether the individual
attributes moderate the effects of conditions (eg, messages
and therapies) on outcomes such as uptake, engagement,
decision, satisfaction, or well-being. If moderation and simple
slope effects with the short form are shown to be practically
meaningful with cross-over interaction effects (ie, condition
A results in better outcomes than condition B for people
higher in a psychological attribute whereas condition B leads
to better outcomes than condition A for people lower in a
psychological attribute, see the example below [61]), further
work can examine whether the short form can be applied in
a digital platform for personalization. Apart from selecting
items based on primary data, researchers are also encouraged
to share data openly on repositories such as the Open Science
Framework, so that others can conduct secondary analyses to
shorten the scales for implementation and/or future studies,
perhaps through combining samples from multiple shared
datasets, with methods that require larger sample sizes, such
as IRT and ML methods [33,38-40].

One overlooked but particularly helpful method for
selecting items relevant for personalization is to perform

moderation analyses on an item level (that has shown
evidence for moderation on a scale level) and select the
items (preferably 2 to 4 items) with the strongest moderation
effects. This method ensures the items selected work well
in personalization in a particular context, while other scale
shortening methods may not always achieve this goal. In
the following, we will explain with an example of narrative
versus research messaging, with moderation of thinking and
decision styles on the breathing exercise decision.

In a study of 166 young adults, we compared the effects of
narrative versus research evidence messages in encouraging
stress management, including playing a breathing exercise
video and investigated individual difference moderators
while conducting exploratory analyses to shorten scales
[61]. Individual difference moderators included Experiential
Thinking Style (ETS)—indicating tendencies to focus on past
experiences, emotions, and narratives in making judgments
and decisions [62], and decision style—categorized as
rational decision style (deliberate and systematic tendencies
in making decisions) and intuitive decision style (empha-
sis on feelings and fast judgments in making decisions)
[63]. Participants were randomized to the narrative message
that involves storytelling of a person implementing stress
management methods to cope with distress, or the research
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evidence message that includes statistical information from
research studies (such as systematic reviews) regarding the
impact of stress management methods [61]. The logistic
regressions with standardized premessage stress management
behavior as the covariate showed that ETS [62] and decision
style [63] (which were standardized) moderated the effects
of narrative versus research evidence messages on breathing
exercise practice decision [61].

For people with higher ETS and intuitive decision style,
narrative messages resulted in higher likelihood to play the
breathing exercise video, perhaps because of the match in
information presented (story) and judgment or decision style.
In contrast, whereas for people with lower ETS, tentative
evidence indicated that research evidence messages may
outperform narrative messages [61]. The effect sizes for these
differences are medium to large, but with P values for the
simple slope analyses of .03 and .06 at –1 SD level of
ETS and intuitive decision style, respectively [61]. As this
is an experimental study with young adults, such evidence is
considered preliminary and field studies with more diverse
samples and perhaps cross-validations with larger sample
sizes will be needed to test the reliability of the findings and
to prevent overfitting [33].

Supplementary and exploratory regression analyses found
that Item 2 (“I often go by my instincts when deciding on
a course of action”) and Item 5 (“I tend to use my heart
as a guide for my actions”) in the ETS scale [62] have the
largest interaction effects, both with P values below adjusted
alphas (accounting for multiple exploratory tests). These
were assessed using standardized regression coefficients in
log-odds metrics and corresponding odds ratios (ORs; refer
to Table S1 in Multimedia Appendix 1). Combining these 2
items for further analysis also produced significant results
(bs indicate unstandardized regression coefficients of the
interaction terms), b=1.16, 95% CI 0.46-1.86; OR 3.20, 95%
CI 1.59-3.43; P=.001. These comparable coefficients suggest
that the shortened Experiential Thinking Style captured the
same moderation pattern as the full scale (b=0.91, 95% CI
0.23-1.60; OR 2.49, 95% CI 1.26-4.93; P=.009).

Apart from conventional regression analyses for testing
moderation effects, different analytical methods, including
multiverse analyses, robustness checks, sensitivity analyses,
and ML methods as well as replications may be implemen-
ted to compare moderation and personalization effects and/or
assess the validity and reliability of findings [33]. If multi-
ple methods show support for sizable moderations of certain
terms, such items are more likely to be robust and meaningful
moderators.

Results indicated evidence of internal reliability. The
internal consistency of the full version was Cronbach α=0.67
with the average interitem Pearson correlation as 0.17, and
the 2-item short version yielded a Spearman-Brown coeffi-
cient of 0.63 with the interitem correlation as 0.46. There
was a strong positive correlation between the two versions,
r(164)=0.84, 95% CI 0.79-0.88; P<.001. The short ETS
scale also showed positive correlations with the Intuitive
Decision Style subscale, r(164)=0.74, 95% CI 0.66-0.80;

P<.001, and negative correlations with the Rational Deci-
sion Style subscale, r(164)=–0.29, 95% CI –0.42 to –0.14;
P<.001, providing evidence of convergent validity. Correla-
tions among all scales are presented in Table S5 in Multime-
dia Appendix 1.

We also conducted similar regression analyses and
exploratory factor analyses (EFAs) with Hamilton et al [63]
scales, and such results with suggested short forms are
reported in Tables S2 and S3 in Multimedia Appendix 1.
To summarize, we found support for moderation with both
the full version (OR 2.70, 95% CI 1.34-5.45; P=.005) and
the short form (OR 2.82, 95% CI 1.42-5.61; P=.003) of
Hamilton et al [63] Intuitive Decision Style. Results indicate
evidence of acceptable internal consistency of both long
form (α=0.88, average interitem correlation=0.54) and short
form (Spearman-Brown coefficient=0.88, interitem correla-
tion=0.78). The 2 selected items (Item 6 and Item 8, refer
to Multimedia Appendix 1 for the items) have the largest
regression coefficients with P values below adjusted alphas
(Table S3 in Multimedia Appendix 1) and the highest factor
loadings based on EFA (Table S6 in Multimedia Appendix 1).

To complement the above regression analyses, we also
conducted EFA with both Maximum Likelihood-Varimax and
Minimum Residuals-Oblimin, and the results with 2 methods
are highly similar. The EFA with 172 individuals in this
study revealed a 3-factor solution, with these 2 items (2
and 5) being the highest factor-loading items on 2 factors,
respectively (refer to Table S4 in Multimedia Appendix 1
for the values). Although Item 8 (“I generally don’t depend
on my feelings to help me make decisions,” reversed, [62])
represents a significant item for the third factor in the EFA,
it did not significantly moderate the impact of messages on
practice decisions in the item-level regression and is therefore
not recommended. Given the goal of item selection is for
personalization, an item being significant for a factor does
not guarantee its inclusion if the item is not a meaningful
moderator. Given these insights, future studies that aim to
personalize narrative versus statistical or research evidence
messages based on ETS may consider including Item 2 and
Item 5 [62] for simplicity to test whether moderation effects
exist. Such short forms are intended for testing potential
matching and moderation effects in the context of narrative
versus statistical or research evidence messages only, but not
for other purposes.

Validity and Reliability
Considerations
While ultrashort scales may improve engagement and reduce
dropout, they inevitably raise questions about validity and
reliability [64,65], which we partially examined in the above
examples and will conduct further studies. The key is not
to assume equivalence with longer scales but to define
acceptable benchmarks and trade-offs given the measurement
purpose. For reliability, conventional benchmarks such as
Cronbach α will no longer be appropriate given a short scale
will almost inevitably yield a lower value of Cronbach α, not
necessarily because it is unreliable, but because the formula
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inherently penalizes brevity [66]. Consider the formula of
Cronbach α: α=N × r/1+(N−1)× r, where N is the total
number of items and r is the mean interitem correlation.
For example, a 3-item scale with interitem correlations of
0.50 yields a Cronbach α value of 0.75, while a 10-item
scale with the same correlations would reach a Cronbach
α value of 0.91. It is not the reliability in itself but the
number of items that biases the value downward. Moreover,
Cronbach α assumes all items have essentially equal factor
loadings (tau-equivalence). This assumption rarely holds in
psychological constructs, especially after trimming [67], and
violating it causes Cronbach α to misrepresent true reliabil-
ity [68]. When items differ in their factor loadings, as they
often do in ultrashort scales, Cronbach α becomes a particu-
larly inaccurate metric. For 2-item measures, while statistics
such as the Spearman-Brown coefficient are recommended
as a mathematically superior alternative to Cronbach α [69],
these metrics still fundamentally rely on classical test theory
assumptions that can become unstable with only 2 data points.
Therefore, although they could serve as a reference, tradi-
tional reliability tests of this kind are not particularly telling
for ultrashort scales.

Instead, we recommend using interitem correlation as
the reliability indicator. Briggs and Cheek [70] recommend
that the mean of a set of interitem correlations ideally lies
between 0.20 and 0.40, whereas greater than 0.50 suggests
potential item redundancy. Likewise, Clark and Watson [71,
72] recommended that the average interitem correlation and
the average interitem correlation for each item fall within
the range of 0.15‐0.50. Together, we suggest somewhere
around 0.30 (±0.15-0.20) to be acceptable, but these criteria
are arbitrary and not universally applicable. Reliability should
not be treated as a fixed and sole criterion but interpreted
alongside construct coverage and test-retest stability [34,73].

For validity, reducing scales by large narrows conceptual
bandwidth, capturing only the most central indicators of a
latent construct [74]. To determine whether an ultrashort scale
retains construct validity, if feasible, researchers can evaluate
both structural equivalence and conceptual correspondence.
For structural equivalence, researchers may fit both the full
and shortened scales within the same dataset in confirmatory
factor analysis if there are 3 or more items, while examining
their factor loadings, configural structure, and fit indices [34,
41]. If the short scale reproduces the same factor structure
with acceptable fit, structural validity is supported [34,41].

For conceptual correspondence, researchers can correlate
scores from the short form with the full-scale scores and
external theoretically related variables. Convergent correla-
tion over 0.80 or above between the short form and long form
may be considered acceptable [75], but there is no well-estab-
lished acceptable cutoff. When item removal leads to factor
distortion or loss of theoretically important variance, further
reduction is unjustified [74]. However, confirmatory factor
analysis can possibly be done for short forms with 3 items or
more, whereas for models with 2 items, it would be just-iden-
tified, resulting in a perfect fit. Therefore, in 2-item scenarios,
we recommend cross-checking the variance explained with at
least 2 datasets and comparing the explanatory variance loss

from the shortened scale compared to the full scale (also see
the paper by Smith [74]).

When Using Ultrashort Scales for
Personalization Is Problematic
Ultrashort scales should be avoided when measurement
precision, reliability, or validity would be compromised [34,
65]. They may not be suitable for multifaceted constructs
such as mindfulness, where multiple subdomains (cogni-
tive, affective, and behavioral) jointly define the construct
[76]. For such constructs, subscales may be more suitable.
Constructs that fluctuate rapidly, such as momentary affect
and state mindfulness, or other variables that require repeated
measurements also cast doubt. Researchers can use experi-
ence sampling at different time points using short brief items,
preserving representativeness while minimizing fatigue [72].

Ultrashort scales may also be problematic when standar-
dized comparability (eg, a cutoff) is required, as brevity
disrupts communication and comparability across research
and practice settings [77]. When full instruments are replaced
by abbreviated forms, sometimes results may not be well
cross-referenced across studies, clinical services, or policy
benchmarks, limiting shared understanding and compara-
bility [77]. In such contexts, maintaining fully validated
scales ensures consistency, interpretability, and interoperabil-
ity across systems.

Finally, ultrashort scales risk bias when measurement
invariance across demographic or cultural groups is untested,
or when the construct itself remains theoretically underdevel-
oped. In these cases, scale shortening is premature because
there is no stable conceptual foundation for deciding which
items are essential for content coverage or certain intended
purposes such as diagnosis and screening [74]. This occurs
when a construct’s definition, dimensionality, or boundaries
are still evolving, unclear, or inconsistently operationalized
across studies [72]. For example, emerging concepts such
as digital alliances are still lacking established theoretical
hierarchies. Reducing items without a clear framework risks
eliminating important indicators. In such contexts, the priority
should be theoretical clarification and factor validation rather
than item trimming [72].

Recommendations on Practical
Framework
When scale shortening is considered appropriate with-
out substantial problems, researchers developing ultrashort
psychological scales for digital platforms can align their
reduction methodology with the specific utility of the data.
We propose a 3-tiered framework for method selection
(Figure 1). For example, a researcher may prioritize both
predictive accuracy and identification of items that interact
better with conditions. In such situations, a combination of
FA or ML approaches plus item-level moderation analyses
may be adopted.
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Figure 1. Decision framework. The purposes are not mutually exclusive, meaning there can be multiple purposes in scale shortening. The diagram is
created with Gemini (version 3 Pro; Google DeepMind) and Nano Banana Pro (Google DeepMind).

Tier 1: Define Goal
When the goal is to replicate the structure of a full-length
assessment (eg, replacing standard intake forms), traditional
FA or IRT is recommended [74,78]. These methods prioritize
internal consistency and the maintenance of the latent trait.

If the objective is forecasting outcomes, such as behavioral
patterns or engagement probabilities, algorithmic approaches
such as ML or ACO are generally superior. These methods
prioritize variance explanation over theoretical purity [79,80].

When the objective is to personalize, accuracy alone is
insufficient. A model may predict engagement with 90%
accuracy without revealing how to influence it. While
conducting the above scale shortening statistical methods is
worthwhile, item-level moderation analyses can be con-
sidered. This approach identifies items that interact with
intervention conditions to predict differential outcomes. For
example, specific items assessing “experiential thinking
style” may moderate the effects of narrative versus research-
based content. Unlike standard reduction, which discards
“noisy” items, personalization retains items that function as
distinct mechanisms for adaptation.

The inclusion of a reevaluation loop is critical to safe-
guard against methodological misalignment. It enforces the
sharp distinction between prognostic utility (predicting who is
likely to engage or improve) and prescriptive utility (deter-
mining which specific intervention will cause that improve-
ment). True personalization relies on detecting heterogeneity
of treatment effects, a statistical interaction that mathemat-
ically requires variation in intervention conditions [81].
Without distinct data on intervention types (eg, narrative
vs didactic), it is premature to isolate the “mechanism of

action” required to claim a scale enables personalization.
This loop compels researchers to acknowledge this con-
straint, preventing unsupported claims about adaptability and
ensuring they pivot back to methods such as ML or FA that
align with the limitations of a static dataset.
Tier 2: Consider Methodological
Constraints
Once the goal is defined, technical constraints dictate the
specific analytical execution. We should take into account the
factor structure and the sample size available before choosing
a suitable method.

Factor Structure
The dimensionality of the construct must be revisited prior
to item selection. For unidimensional constructs, strong factor
loadings and low residual correlations in FA suggest that
a few high-performing items can adequately represent the
latent trait [82]. However, multidimensional or hierarchical
constructs require IRT or metaheuristic methods (eg, ACO) to
ensure the short form retains measurement precision across all
necessary subdomains without losing content validity.

Sample Size Practicality
Method selection is often constrained by data availability.
FA can yield stable results with smaller cohorts. In contrast,
IRT typically requires n>500 for reliable parameter estima-
tion [83], and ML-based approaches ideally require several
thousand participants to minimize overfitting during cross-
validation [33]. In data-scarce environments, we recommend
generating preliminary short forms via FA and reliability
checks to be refined later as sample sizes grow.
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Tier 3: Validation and Real-World
Performance
Regardless of the derivation method, rigorous validation
is needed. Split-sample or longitudinal validation needs
to demonstrate structural stability, acceptable reliability
(interitem correlation 0.15-0.50; [72]), and predictive
equivalence. Triangulating methods can be considered. For
instance, researchers may retain items that possess both
high factor loadings and strong IRT information to enhance
robustness [84]. Replications with multiple different samples
are also recommended.

The predictive performance of ultrashort scales can be
compared with the full scale and evaluated in the context
of ecological feasibility. While long scales theoretically offer
higher measurement precision, their predictive validity often
degrades in real-world digital settings due to fatigue and
attrition [85]. Well-chosen items often retain distinctively
high power. For instance, the PHQ-4 explains 80%‐90% of
the variance in depressive and anxiety outcomes relative to
the full PHQ-9 and GAD-7, with minimal loss in classifica-
tion accuracy [28] while providing the benefits mentioned
throughout this paper.

Ethical Considerations
Apart from methodological considerations, researchers and
practitioners should consider ethics carefully. Personalization
based on a minimal number of items may be preferred by
some users but disliked by others, whereas some service
users may prefer other methods, such as artificial intelli-
gence chatbot-based personalization but some service users
may dislike artificial intelligence–based methods for mental
health services [86]. Digital platforms should not impose
such methods without the informed consent of users, as
this may be perceived as a violation of privacy (see the
papers by Matz et al [4] and Teeny et al [8] for related
discussions). Transparent, clear, and explicit explanations
of personalizations are needed to respect the diverse needs,
preferences, and concerns of service users [20]. Explanations
regarding both procedures, specifics of tailoring (ie, what
and how data will be used for tailoring, for what purpo-
ses, such as recommendations, messaging, and user interface
designs), advantages, potential benefits, disadvantages, and
potential risks with different personalization methods should
be provided in the consent forms, facilitating informed and
autonomous choices [19]. Given the diversity of character-
istics, experiences with different personalization methods,
preferences, needs, and concerns, supporting autonomy and
agency in choices regarding various personalization meth-
ods or not being personalized is essential for ethical and
respectful practices [20]. This means that service users can
choose between multiple personalization methods, possibly
combinations of multiple methods (if available), or choose
not to be personalized.

In addition, while there can be multiple personalization
methods and multiple scales included for personalization
purposes, it is essential to respect service users’ choices in the

intended purposes they want to or do not want to be person-
alized for. This ensures that the data collected are limited
and relevant for specific purposes preferred by service users
(data minimization), as emphasized in the EU General Data
Protection Regulation Article 5(1)(c) [87]. The purpose of
personalization (such as for mental health self-care activity
recommendation and for reminder or persuasive messages
encouraging self-care) of a scale can be specified, allowing
service users to make informed decisions on whether they fill
in such items.

Service users should also have the right to switch between
different personalization methods or switch from being
personalized to not being personalized (or vice versa), for
example, if they feel uncomfortable or have privacy concerns
regarding being personalized in a certain way [19]. Service
users may also choose to delete personal data provided or
modify the personal records [19], such as the responses to
the ultrashort scales, as attributes of some people can change
over time. Autonomy in personalization or nonpersonalization
choices is critical, given implications for enhancing engage-
ment and psychological well-being, which are key priorities
in digital mental health services [20].

Moreover, another potential ethical concern is that
algorithmic approaches can risk embedding or amplifying
systematic biases present in training data. When personaliza-
tion is based purely on data-driven correlations, demographic
features (eg, age, gender, ethnicity, and education) may
inadvertently drive recommendations, leading to discrimi-
natory or inequitable tailoring [88]. For instance, a digi-
tal mental health algorithm might offer different content
intensities or therapeutic suggestions to subgroups not
because of psychological need but due to biased data patterns.
A related concern is monophily, the phenomenon where
individuals’ attributes can be inferred not only from their own
data but also from their network connections or interaction
patterns [89]. ML methods trained on these interactions may
cause further information divide.

Limitations and Future Directions
The examples of moderation effects we discussed in this
paper are based on a single simple but not multiple samples,
and we cannot rule out the possibility of false positives
and the possibility of such items having larger regression
coefficients due to chance, even though we applied alpha
corrections for multiple testing in item-level moderation
analyses [90]. In addition, test-retest reliability of the very
short forms has not been confirmed. Further studies with
additional participant samples, multiple statistical methods,
and test-retest reliability tests, perhaps in a digital mental
health platform, are needed to examine the validity and
reliability as well as replicability, robustness, and generaliz-
ability of such (possible) moderation effects before applying
broadly in services [33,34]. We also encourage researchers to
conduct studies with multiple samples, possibly with multiple
statistical methods, before widespread implementation of
personalization based on selected items [33,41,91].
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While personalization based on 2 to 3 items may seem
practically feasible and beneficial on the surface, more
studies are needed to test the ecological validity, robustness,
replicability, reliability, and generalizability of such methods.
Field studies in digital health platforms can be conducted
with a personalized group and a nonpersonalized group [92].
In field studies within digital health platforms, perhaps the
personalized group of participants may fill in 2 to 3 items
that have been shown to be stronger moderators for per-
sonalization purposes (eg, participants are assigned to one
of the messages based on individual characteristics, short
form). Such a personalized (experimental) group can then
be compared to the nonpersonalized group (eg, in which
participants are assigned to one of the messages randomly).
Both objective (eg, number of modules registered, number
of modules completed, and duration of usage) and self-report
measures (eg, satisfaction and mental health) can be included
in digital platforms [9] to assess the efficacy of personaliza-
tion based on a minimal number of items. We recognize the
current empirical base of personalization based on valida-
ted ultrashort scales is limited, especially in digital health
contexts. The goal of this viewpoint piece is to highlight
the gap and to call for future research, but not to systemati-
cally synthesize the very scarce literature. We look forward
to systematic reviews on this topic when enough studies are
conducted in the digital mental health domain.

In addition, future studies may compare the efficacy
and effectiveness of personalization based on 2 to 3 items,
personalization based on the original scale, personalization
based on behavioral data (eg, type of courses registered)
tracked in platforms, and personalization based on large
language model chatbots. Another issue is that users are
probably more likely to complete the minimal number of
items than if the number of items is more than 10 [23],
but how much more likely? Future studies are needed
to empirically test this. Another worthwhile direction is
to investigate users’ preferences, attitudes, and concerns
regarding being personalized based on a minimal number of
items, when compared to being personalized based on a more
lengthy scale, tracked behavioral data or being personalized
based on large language model chatbots (see the paper
by Pieritz et al [20]). It is also possible that people may
prefer being personalized based on cognitive, motivational,
and decisional characteristics compared to mental health
symptoms or diagnosis, as mental health information may be
more personally sensitive [19,20]. Future studies can test this
speculation. These methods are not mutually exclusive and
individual differences data may be captured by a combination

of these methods, and personalization choices can be based on
a combination or integration of these methods, if considered
as acceptable and desirable by individuals.

Conclusion
To summarize, we propose that personalization based on a
minimal number of items of psychological attributes, perhaps
through scale shortening and/or through selecting the items
that show stronger moderation effects, can be worthwhile.
This is also likely more practical and can facilitate personali-
zation for more service users than traditional psychological
questionnaires that consist of a larger number of items [23],
as more service users may be more willing to fill in a small
number of items. Researchers and practitioners may choose
the suitable methods (eg, FAs, ML methods, IRT, ACO,
and item-level regression analyses) considering strengths,
limitations, and feasibility of different methods, depending
on factors such as sample size, researchers’ familiarity
with methods, and number of factors (also see the papers
by Gonzalez [33], Koğar [34,41], and Raborn et al [91]).
Our presented 3-tier decision framework may facilitate such
choices and implementations. If feasible, the results of 2 or
more methods can be considered in selecting the items. While
our work focuses on digital mental health, such methods
may also be relevant for other digital health domains and
we encourage more research on scale shortening in various
digital health domains.

While these ideas may seem promising, we call for more
studies attempting to investigate diverse user experiences,
different user attitudes, efficacy, effectiveness, ecological
validity, generalizability, replicability, challenges, disadvan-
tages, and ethical concerns of personalization based on a
very small number of items before widespread implementa-
tions. Finally, we encourage researchers and practitioners to
consider and analyze carefully and considerately regarding
the length of scales adopted for personalization purposes in
digital mental health contexts. We can aim to increase the
likelihood of participants’ filling in personalization-related
measures with the potential of further enhancing engagement
and reducing participants’ reluctance and discomfort with
filling in long questionnaires, while maintaining sufficient
validity and reliability with shortened scales and respecting
participants’ informed choices of personalization methods,
personalization purposes, or nonpersonalization (including
opting out or removal of data).

Acknowledgments
We thank 3 peer reviewers and the editor for their very helpful suggestions, especially regarding psychometric and ethical
considerations.
Disclosure of Delegation to generative artificial intelligence (GenAI; adapted based on GAIDeT Declaration Generator by
Suchikova et al [93]).
The authors declare the use of GenAI in the research and writing process. According to the GAIDeT taxonomy (2025),
the following tasks were delegated to GenAI tools under full human supervision: idea generation, literature search and
systematization, visualization, proofreading and editing, and reformatting. The GenAI tools used were ChatGPT 5.1, Gemini 3,

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 10
(page number not for citation purposes)

https://www.jmir.org/2026/1/e80662


and Poe Assistant. Responsibility for the final manuscript lies entirely with the authors. GenAI tools are not listed as authors
and do not bear responsibility for the final outcomes.
The declaration is submitted by ACYT.
To be specific, OpenAI’s ChatGPT (version 5) was used to search for relevant papers, organize and stimulate ideas. Poe
Assistant was adopted for converting references from APA style to Vancouver style, as well as proofreading and English
language editing. Gemini (version 3 Pro) with Nano Banana Pro was used to create the decision diagram.
Funding
The senior author (WWSM) received the General Research Fund (GRF) from the Research Grants Council (RGC) of Hong
Kong SAR China on 2 studies regarding personalization of messages in boosting engagements in digital mental health (Ref
No: 14606623), and the first (SKY) and third authors (HZ) are key members of that project. The funder has no involvement in
any aspect of this manuscript.
Data Availability
The dataset and codes with outputs for the EFA and regression analyses discussed above [61] are available in the Open Science
Framework repository [94].
Conflicts of Interest
The team has worked on numerous digital mental health projects. WWSM and ACYT are key leaders in Jockey Club
TourHeart+, a digital mental health platform which incorporates personalization.
Multimedia Appendix 1
Supplementary tables of data analyses.
[DOCX File (Microsoft Word File), 84 KB-Multimedia Appendix 1]
References
1. Banerjee S, Galizzi MM. People are different! and so should be behavioural interventions. In: Samson A, editor. The

Behavioral Economics Guide 2024. Behavioral Science Solutions Ltd; 2024. URL: https://eprints.lse.ac.uk/125441/1/
BanerjeeGalizzifinalpublishedversion.pdf [Accessed 2026-05-08]

2. Joyal-Desmarais K, Scharmer AK, Madzelan MK, See JV, Rothman AJ, Snyder M. Appealing to motivation to change
attitudes, intentions, and behavior: a systematic review and meta-analysis of 702 experimental tests of the effects of
motivational message matching on persuasion. Psychol Bull. 2022;148(7-8):465-517. [doi: 10.1037/bul0000377]

3. Matz SC, Kosinski M, Nave G, Stillwell DJ. Psychological targeting as an effective approach to digital mass persuasion.
Proc Natl Acad Sci U S A. Nov 28, 2017;114(48):12714-12719. [doi: 10.1073/pnas.1710966114] [Medline: 29133409]

4. Matz SC, Beck ED, Atherton OE, et al. Personality science in the digital age: the promises and challenges of
psychological targeting for personalized behavior-change interventions at scale. Perspect Psychol Sci. Nov
2024;19(6):1031-1056. [doi: 10.1177/17456916231191774] [Medline: 37642145]

5. Mills S. Personalized nudging. Behav Public Policy. Jan 2022;6(1):150-159. [doi: 10.1017/bpp.2020.7]
6. Peer E, Egelman S, Harbach M, Malkin N, Mathur A, Frik A. Nudge me right: personalizing online security nudges to

people’s decision-making styles. Comput Human Behav. Aug 2020;109:106347. [doi: 10.1016/j.chb.2020.106347]
7. Peer E, Mills S. From one, many: how can nudges be personalized? Behav Sci Policy. Apr 2026;12(1):49-59. [doi: 10.

1177/23794607251403327]
8. Teeny JD, Siev JJ, Briñol P, Petty RE. A review and conceptual framework for understanding personalized matching

effects in persuasion. J Consum Psychol. Apr 2021;31(2):382-414. [doi: 10.1002/jcpy.1198]
9. Yeung SK, Mak WWS, Cheung GMH, Li CW, Yu HC, Zheng Y. A systematic review of nudging in the mental health

contexts – progress, findings, and ways forward. Collabra Psychol. [Accessed 2026-05-08] [doi: 10.13140/RG.2.2.
25096.33288]

10. Krebs P, Prochaska JO, Rossi JS. A meta-analysis of computer-tailored interventions for health behavior change. Prev
Med. 2010;51(3-4):214-221. [doi: 10.1016/j.ypmed.2010.06.004] [Medline: 20558196]

11. Nye A, Delgadillo J, Barkham M. Efficacy of personalized psychological interventions: a systematic review and meta-
analysis. J Consult Clin Psychol. Jul 2023;91(7):389-397. [doi: 10.1037/ccp0000820] [Medline: 37166831]

12. Tong HL, Quiroz JC, Kocaballi AB, et al. Personalized mobile technologies for lifestyle behavior change: a systematic
review, meta-analysis, and meta-regression. Prev Med. Jul 2021;148:106532. [doi: 10.1016/j.ypmed.2021.106532]
[Medline: 33774008]

13. Nikoloudakis IA, Crutzen R, Rebar AL, et al. Can you elaborate on that? Addressing participants’ need for cognition in
computer-tailored health behavior interventions. Health Psychol Rev. Dec 2018;12(4):437-452. [doi: 10.1080/17437199.
2018.1525571] [Medline: 30221580]

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 11
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v28i1e80662_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e80662_app1.docx
https://eprints.lse.ac.uk/125441/1/BanerjeeGalizzifinalpublishedversion.pdf
https://eprints.lse.ac.uk/125441/1/BanerjeeGalizzifinalpublishedversion.pdf
https://doi.org/10.1037/bul0000377
https://doi.org/10.1073/pnas.1710966114
http://www.ncbi.nlm.nih.gov/pubmed/29133409
https://doi.org/10.1177/17456916231191774
http://www.ncbi.nlm.nih.gov/pubmed/37642145
https://doi.org/10.1017/bpp.2020.7
https://doi.org/10.1016/j.chb.2020.106347
https://doi.org/10.1177/23794607251403327
https://doi.org/10.1177/23794607251403327
https://doi.org/10.1002/jcpy.1198
https://doi.org/10.13140/RG.2.2.25096.33288
https://doi.org/10.13140/RG.2.2.25096.33288
https://doi.org/10.1016/j.ypmed.2010.06.004
http://www.ncbi.nlm.nih.gov/pubmed/20558196
https://doi.org/10.1037/ccp0000820
http://www.ncbi.nlm.nih.gov/pubmed/37166831
https://doi.org/10.1016/j.ypmed.2021.106532
http://www.ncbi.nlm.nih.gov/pubmed/33774008
https://doi.org/10.1080/17437199.2018.1525571
https://doi.org/10.1080/17437199.2018.1525571
http://www.ncbi.nlm.nih.gov/pubmed/30221580
https://www.jmir.org/2026/1/e80662


14. Dandil Y, Kingston J. Personalized mobile apps for mental health and well-being in the general population: a systematic
review. J Technol Hum Serv. 2025:1-34. [doi: 10.1080/15228835.2025.2491347]

15. Schaeuffele C, Zagorscak P, Langerwisch V, Wilke J, Medvedeva Y, Knaevelsrud C. A systematic review on
personalization of treatment components in IBIs for mental disorders. Internet Interv. Sep 2025;41(100840):100840.
[doi: 10.1016/j.invent.2025.100840] [Medline: 40584576]

16. Matthews P, Rhodes-Maquaire C. Personalisation and recommendation for mental health apps: a scoping review. Behav
Inf Technol. Jun 15, 2025;44(10):2389-2404. [doi: 10.1080/0144929X.2024.2356630]

17. Norris LA, Kendall PC. Moderators of outcome for youth anxiety treatments: current findings and future directions. J
Clin Child Adolesc Psychol. 2021;50(4):450-463. [doi: 10.1080/15374416.2020.1833337] [Medline: 33140992]

18. Hornstein S, Zantvoort K, Lueken U, Funk B, Hilbert K. Personalization strategies in digital mental health interventions:
a systematic review and conceptual framework for depressive symptoms. Front Digit Health. 2023;5:1170002. [doi: 10.
3389/fdgth.2023.1170002] [Medline: 37283721]

19. Valentine L, D’Alfonso S, Lederman R. Recommender systems for mental health apps: advantages and ethical
challenges. AI Soc. Aug 2023;38(4):1627-1638. [doi: 10.1007/s00146-021-01322-w]

20. Pieritz S, Khwaja M, Faisal AA, Matic A. Personalised recommendations in mental health apps: the impact of autonomy
and data sharing. Presented at: CHI ’21: Proceedings of the 2021 CHI Conference on Human Factors in Computing
Systems; May 8-13, 2021:1-12; Yokohama, Japan. [doi: 10.1145/3411764.3445523]

21. Alslaity A, Chan G, Orji R. A panoramic view of personalization based on individual differences in persuasive and
behavior change interventions. Front Artif Intell. 2023;6:1125191. [doi: 10.3389/frai.2023.1125191] [Medline:
37841233]

22. Kaptein M, Markopoulos P, de Ruyter B, Aarts E. Personalizing persuasive technologies: explicit and implicit
personalization using persuasion profiles. Int J Hum Comput Stud. May 2015;77:38-51. [doi: 10.1016/j.ijhcs.2015.01.
004]

23. Rolstad S, Adler J, Rydén A. Response burden and questionnaire length: is shorter better? A review and meta-analysis.
Value Health. Dec 2011;14(8):1101-1108. [doi: 10.1016/j.jval.2011.06.003] [Medline: 22152180]

24. Zhang R, Ringland KE, Paan M, Mohr DC, Reddy M. Designing for emotional well-being: integrating persuasion and
customization into mental health technologies. Presented at: CHI ’21: Proceedings of the 2021 CHI Conference on
Human Factors in Computing Systems; May 8-13, 2021:1-13; Yokohama, Japan. [doi: 10.1145/3411764.3445771]

25. Sundar SS, Marathe SS. Personalization versus customization: the importance of agency, privacy, and power usage. Hum
Commun Res. 2010;36(3):298-322. [doi: 10.1111/j.1468-2958.2010.01377.x]

26. Kroenke K, Spitzer RL, Williams JB. The PHQ-9: validity of a brief depression severity measure. J Gen Intern Med. Sep
2001;16(9):606-613. [doi: 10.1046/j.1525-1497.2001.016009606.x] [Medline: 11556941]

27. Spitzer RL, Kroenke K, Williams JBW, Löwe B. A brief measure for assessing generalized anxiety disorder: the GAD-7.
Arch Intern Med. May 22, 2006;166(10):1092-1097. [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]

28. Kroenke K, Spitzer RL, Williams JBW, Löwe B. An ultra-brief screening scale for anxiety and depression: the PHQ-4.
Psychosomatics. 2009;50(6):613-621. [doi: 10.1176/appi.psy.50.6.613] [Medline: 19996233]

29. Hlynsson JI, Carlbring P. Diagnostic accuracy and clinical utility of the PHQ-2 and GAD-2: a comparison with long-
format measures for depression and anxiety. Front Psychol. 2024;15:1259997. [doi: 10.3389/fpsyg.2024.1259997]
[Medline: 38800678]

30. Hlynsson JI, Lindner P, Sjöberg A, Carlbring P. Let’s talk about digital mental health assessment: utilizing PHQ-2 and
GAD-2 for in-treatment monitoring and BBQ and QWB for outcome evaluation in internet interventions. Presented at:
The 13th Swedish Congress on Internet Interventions; May 20-21, 2024:14; Stockholm, Sweden. URL: https://www.
diva-portal.org/smash/record.jsf?pid=diva2%3A1876267&dswid=6622 [Accessed 2026-05-08]

31. Cheng AL, Abraham J, Hartz SM, Laber EB, Miller JP. Evaluating and optimizing just-in-time adaptive interventions in
a digital mental health intervention (Wysa for chronic pain) for middle-aged and older adults With chronic pain: protocol
for a series of randomized trials. JMIR Res Protoc. Sep 17, 2025;14(1):e77532. [doi: 10.2196/77532] [Medline:
40961490]

32. Velmovitsky P, Keown-Stoneman C, J Pfisterer K, et al. Development of a recommendation engine to university student
mental health support aligned with stepped care: longitudinal cohort study. J Med Internet Res. Sep 17, 2025;27:e72669.
[doi: 10.2196/72669] [Medline: 40767642]

33. Gonzalez O. Psychometric and machine learning approaches to reduce the length of scales. Multivariate Behav Res.
2021;56(6):903-919. [doi: 10.1080/00273171.2020.1781585] [Medline: 32749158]

34. Koğar H. Development of a short form: methods, examinations, and recommendations. Eğitimde ve Psikolojide Ölçme
ve Değerlendirme Dergisi. 2020;11(3):302-310. [doi: 10.21031/epod.739548]

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 12
(page number not for citation purposes)

https://doi.org/10.1080/15228835.2025.2491347
https://doi.org/10.1016/j.invent.2025.100840
http://www.ncbi.nlm.nih.gov/pubmed/40584576
https://doi.org/10.1080/0144929X.2024.2356630
https://doi.org/10.1080/15374416.2020.1833337
http://www.ncbi.nlm.nih.gov/pubmed/33140992
https://doi.org/10.3389/fdgth.2023.1170002
https://doi.org/10.3389/fdgth.2023.1170002
http://www.ncbi.nlm.nih.gov/pubmed/37283721
https://doi.org/10.1007/s00146-021-01322-w
https://doi.org/10.1145/3411764.3445523
https://doi.org/10.3389/frai.2023.1125191
http://www.ncbi.nlm.nih.gov/pubmed/37841233
https://doi.org/10.1016/j.ijhcs.2015.01.004
https://doi.org/10.1016/j.ijhcs.2015.01.004
https://doi.org/10.1016/j.jval.2011.06.003
http://www.ncbi.nlm.nih.gov/pubmed/22152180
https://doi.org/10.1145/3411764.3445771
https://doi.org/10.1111/j.1468-2958.2010.01377.x
https://doi.org/10.1046/j.1525-1497.2001.016009606.x
http://www.ncbi.nlm.nih.gov/pubmed/11556941
https://doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/pubmed/16717171
https://doi.org/10.1176/appi.psy.50.6.613
http://www.ncbi.nlm.nih.gov/pubmed/19996233
https://doi.org/10.3389/fpsyg.2024.1259997
http://www.ncbi.nlm.nih.gov/pubmed/38800678
https://www.diva-portal.org/smash/record.jsf?pid=diva2%3A1876267&dswid=6622
https://www.diva-portal.org/smash/record.jsf?pid=diva2%3A1876267&dswid=6622
https://doi.org/10.2196/77532
http://www.ncbi.nlm.nih.gov/pubmed/40961490
https://doi.org/10.2196/72669
http://www.ncbi.nlm.nih.gov/pubmed/40767642
https://doi.org/10.1080/00273171.2020.1781585
http://www.ncbi.nlm.nih.gov/pubmed/32749158
https://doi.org/10.21031/epod.739548
https://www.jmir.org/2026/1/e80662


35. Raborn AW, Leite WL. ShortForm: an R package to select scale short forms with the ant colony optimization algorithm.
Appl Psychol Meas. Sep 2018;42(6):516-517. [doi: 10.1177/0146621617752993] [Medline: 30787491]

36. Hull L, Mandy W, Belcher H, Petrides KV. Validation of the Camouflaging Autistic Traits Questionnaire Short Form
(CATQ-SF). Compr Psychiatry. Nov 2024;135:152525. [doi: 10.1016/j.comppsych.2024.152525] [Medline: 39191097]

37. Rogers SK, Whitted WM, Rand KL, Cheavens JS. Hope scale-short form: validation of a shortened measure of hope. Int
J Appl Posit Psychol. Apr 2024;9(1):411-434. [doi: 10.1007/s41042-023-00132-3]

38. Chio FHN, Lai MHC, Mak WWS. Development of the nonattachment scale-short form (NAS-SF) using item response
theory. Mindfulness (N Y). Aug 2018;9(4):1299-1308. [doi: 10.1007/s12671-017-0874-z]

39. Bjorner JB, Petersen MA, Groenvold M, et al. Use of item response theory to develop a shortened version of the EORTC
QLQ-C30 emotional functioning scale. Qual Life Res. Dec 2004;13(10):1683-1697. [doi: 10.1007/s11136-004-7866-x]
[Medline: 15651539]

40. Olaru G, Danner D. Developing cross-cultural short scales using ant colony optimization. Assessment. Jan
2021;28(1):199-210. [doi: 10.1177/1073191120918026] [Medline: 32418476]

41. Koğar H. Which scale short form development method is better? A Comparison of ACO, TS, and SCOFA. Int J Assess
Tool Educ. 2022;9(3):583-592. [doi: 10.21449/ijate.946231]

42. Watkins MW. A Step-by-Step Guide to Exploratory Factor Analysis with SPSS. Routledge; 2021. ISBN:
9781003149347

43. Arbuckle JL. IBM SPSS Amos 19 User’s Guide. Amos Development Corporation; 2010:635. URL: http://
amosdevelopment.com/download/amos.pdf [Accessed 2026-05-08]

44. Şahi̇n M, Aybek E. Jamovi: an easy to use statistical software for the social scientists. Int J Assess Tool Educ.
2019;6(4):670-692. [doi: 10.21449/ijate.661803]

45. Rosseel Y. lavaan: an R package for structural equation modeling. J Stat Soft. 2012;48(2). [doi: 10.18637/jss.v048.i02]
46. Revelle W. How to: use the psych package for factor analysis and data reduction. Department of Psychology,

Northwestern University; 2016. URL: https://cran.uni-muenster.de/web/packages/psychTools/vignettes/factor.pdf
[Accessed 2026-05-08]

47. Zanon C, Hutz CS, Yoo HH, Hambleton RK. An application of item response theory to psychological test development.
Psicol Refl Crít. Dec 2016;29(1). [doi: 10.1186/s41155-016-0040-x]

48. Paek I, Han KT. IRTPRO 2.1 for windows (item response theory for patient-reported outcomes). Appl Psychol Meas.
May 2013;37(3):242-252. [doi: 10.1177/0146621612468223]

49. Muthén B, Mplus ML. Handbook of Item Response Theory. Chapman and Hall/CRC; 2017:507-518. ISBN:
9781315119144

50. Chalmers RP. Mirt: a multidimensional item response theory package for the R environment. J Stat Softw. 2012;48:1-29.
[doi: 10.18637/jss.v048.i06]

51. Robitzsch A, Kiefer T, Wu M, et al. Package “TAM”: test analysis modules. CRAN. 2020. URL: 10.32614/CRAN.
package.TAM [Accessed 2026-05-28]

52. Baghaei P, Robitzsch A. A tutorial on item response modeling with multiple groups using TAM. Educ Methods
Psychom. 2025;3(1):1-14. [doi: 10.61186/emp.2025.1]

53. Rizopoulos D. ltm: an R package for latent variable modeling and item response theory analyses. J Stat Soft. 2007;17(5).
[doi: 10.18637/jss.v017.i05]

54. Rizopoulos D, Rizopoulos MD. Package ‘ltm’: Latent Trait Models under IRT. CRAN. 2022. URL: https://cran.r-
project.org/web/packages/ltm/ltm.pdf [Accessed 2026-05-28]

55. Koğar E Yılmaz, Koğar H. A validation study of the Self-Compassion Scale-Short Form (SCS-SF) with ant colony
optimization in a Turkish sample. Psihologija. 2023;56(1):89-114. [doi: 10.2298/PSI211127015K]

56. Wagner S, Affenzeller M. HeuristicLab: a generic and extensible optimization environment. Presented at: Adaptive and
Natural Computing Algorithms: Proceedings of the International Conference; Mar 21-23, 2005:538-541; Coimbra,
Portugal. 2005.[doi: 10.1007/3-211-27389-1_130]

57. Jeong EM, Kim JK. Less is more: machine learning-based shortened sleep questionnaires for efficient clinical practice.
Sleep Med Res. Dec 2024;15(4):216-217. [doi: 10.17241/smr.2024.02523]

58. Scrucca L, Sahdra B. GAabbreviate: abbreviating items measures using genetic algorithms. rdrr.io. 2015. URL: https://
rdrr.io/cran/GAabbreviate/ [Accessed 2026-05-28]

59. Fortin FA, Rainville FM, Gardner MA, Parizeau M, Gagné C. DEAP: evolutionary algorithms made easy. J Mach Learn
Res. Jul 1, 2012;13:2171-2175. URL: http://www.jmlr.org/papers/volume13/fortin12a/fortin12a.pdf [Accessed
2026-05-08]

60. Hayes AF. Introduction to Mediation, Moderation, and Conditional Process Analysis: A Regression-Based Approach.
3rd ed. The Guilford Press; 2022. ISBN: 9781462549030

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 13
(page number not for citation purposes)

https://doi.org/10.1177/0146621617752993
http://www.ncbi.nlm.nih.gov/pubmed/30787491
https://doi.org/10.1016/j.comppsych.2024.152525
http://www.ncbi.nlm.nih.gov/pubmed/39191097
https://doi.org/10.1007/s41042-023-00132-3
https://doi.org/10.1007/s12671-017-0874-z
https://doi.org/10.1007/s11136-004-7866-x
http://www.ncbi.nlm.nih.gov/pubmed/15651539
https://doi.org/10.1177/1073191120918026
http://www.ncbi.nlm.nih.gov/pubmed/32418476
https://doi.org/10.21449/ijate.946231
http://amosdevelopment.com/download/amos.pdf
http://amosdevelopment.com/download/amos.pdf
https://doi.org/10.21449/ijate.661803
https://doi.org/10.18637/jss.v048.i02
https://cran.uni-muenster.de/web/packages/psychTools/vignettes/factor.pdf
https://doi.org/10.1186/s41155-016-0040-x
https://doi.org/10.1177/0146621612468223
https://doi.org/10.18637/jss.v048.i06
https://doi.org/10.61186/emp.2025.1
https://doi.org/10.18637/jss.v017.i05
https://cran.r-project.org/web/packages/ltm/ltm.pdf
https://cran.r-project.org/web/packages/ltm/ltm.pdf
https://doi.org/10.2298/PSI211127015K
https://doi.org/10.1007/3-211-27389-1_130
https://doi.org/10.17241/smr.2024.02523
https://rdrr.io/cran/GAabbreviate/
https://rdrr.io/cran/GAabbreviate/
http://www.jmlr.org/papers/volume13/fortin12a/fortin12a.pdf
https://www.jmir.org/2026/1/e80662


61. Zhao H, Yeung SK, Mak WWS. Narrative versus research‑based messages in encouraging stress management: decision
style and experiential thinking style as moderators. ResearchGate. Preprint posted online on Nov 2, 2025. URL: https://
www.researchgate.net/publication/397179578_Narrative_versus_Research-based_Messages_in_Encouraging_Stress_
Management_-_Decision_Style_and_Experiential_Thinking_Style_as_Moderators [Accessed 2026-05-08]

62. Norris P, Epstein S. An experiential thinking style: its facets and relations with objective and subjective criterion
measures. J Pers. Oct 2011;79(5):1043-1079. [doi: 10.1111/j.1467-6494.2011.00718.x] [Medline: 21241307]

63. Hamilton K, Shih SI, Mohammed S. The development and validation of the rational and intuitive decision styles scale. J
Pers Assess. 2016;98(5):523-535. [doi: 10.1080/00223891.2015.1132426] [Medline: 26967981]

64. Ziegler M, Kemper CJ, Kruyen P. Short scales–five misunderstandings and ways to overcome them. J Individ Differ. Jan
1, 2014;35(4):185-189. [doi: 10.1027/1614-0001/a000148]

65. Kruyen PM, Emons WHM, Sijtsma K. On the shortcomings of shortened tests: a literature review. Int J Test. Jul
2013;13(3):223-248. [doi: 10.1080/15305058.2012.703734]

66. Cortina JM. What is coefficient alpha? An examination of theory and applications. J Appl Psychol. 1993;78(1):98-104.
[doi: 10.1037//0021-9010.78.1.98]

67. Revelle W, Zinbarg RE. Coefficients alpha, beta, omega, and the glb: comments on Sijtsma. Psychometrika. Mar
2009;74(1):145-154. [doi: 10.1007/s11336-008-9102-z]

68. McNeish D. Thanks coefficient alpha, we’ll take it from here. Psychol Methods. Sep 2018;23(3):412-433. [doi: 10.1037/
met0000144] [Medline: 28557467]

69. Eisinga R, Grotenhuis M te, Pelzer B. The reliability of a two-item scale: Pearson, Cronbach, or Spearman-Brown? Int J
Public Health. Aug 2013;58(4):637-642. [doi: 10.1007/s00038-012-0416-3] [Medline: 23089674]

70. Briggs SR, Cheek JM. The role of factor analysis in the development and evaluation of personality scales. J Pers. Mar
1986;54(1):106-148. [doi: 10.1111/j.1467-6494.1986.tb00391.x]

71. Clark LA, Watson D. Constructing validity: basic issues in objective scale development. Psychol Assess.
1995;7(3):309-319. [doi: 10.1037/1040-3590.7.3.309]

72. Clark LA, Watson D. Constructing validity: new developments in creating objective measuring instruments. Psychol
Assess. Dec 2019;31(12):1412-1427. [doi: 10.1037/pas0000626] [Medline: 30896212]

73. McCrae RR, Kurtz JE, Yamagata S, Terracciano A. Internal consistency, retest reliability, and their implications for
personality scale validity. Pers Soc Psychol Rev. Feb 2011;15(1):28-50. [doi: 10.1177/1088868310366253] [Medline:
20435807]

74. Smith GT, McCarthy DM, Anderson KG. On the sins of short-form development. Psychol Assess. 2000;12(1):102-111.
[doi: 10.1037/1040-3590.12.1.102]

75. Neumann E, Rohmann E, Sattel H. The 10-item short form of the German Experiences in Close Relationships scale
(ECR-G-10)—model fit, reliability, and validity. Behav Sci (Basel). Nov 16, 2023;13(11):935. [doi: 10.3390/
bs13110935] [Medline: 37998682]

76. Rammstedt B, Beierlein C. Can’t we make it any shorter? J Individ Differ. Jan 1, 2014;35(4):212-220. [doi: 10.1027/
1614-0001/a000141]

77. Lindenmayer JP. Are shorter versions of the Positive and Negative Syndrome Scale (PANSS) doable? A critical review.
Innov Clin Neurosci. Dec 1, 2017;14(11-12):73-76. [Medline: 29410940]

78. Reise SP. Invited paper: the rediscovery of bifactor measurement models. Multivariate Behav Res. Sep 1,
2012;47(5):667-696. [doi: 10.1080/00273171.2012.715555] [Medline: 24049214]

79. Leite WL, Huang IC, Marcoulides GA. Item selection for the development of short forms of scales using an ant colony
optimization algorithm. Multivariate Behav Res. 2008;43(3):411-431. [doi: 10.1080/00273170802285743] [Medline:
26741203]

80. Schroeders U, Wilhelm O, Olaru G. Meta-heuristics in short scale construction: ant colony optimization and genetic
algorithm. PLoS ONE. 2016;11(11):e0167110. [doi: 10.1371/journal.pone.0167110] [Medline: 27893845]

81. Kravitz RL, Duan N, Braslow J. Evidence‐based medicine, heterogeneity of treatment effects, and the trouble with
averages. Milbank Q. 2004;82(4):661-687. [doi: 10.1111/j.0887-378X.2004.00327.x] [Medline: 15595946]

82. Costello AB, Osborne JW. Best practices in exploratory factor analysis: four recommendations for getting the most from
your analysis. Pract Assess Res Eval. 2005;10(7):1-9. [doi: 10.7275/jyj1-4868]

83. Yen WM, Fitzpatrick AR. Item response theory. In: Educational Measurement. Vol . 2006:4. 111-153. ISBN:
0275981258

84. Vésteinsdóttir V, Reips UD, Joinson A, Thorsdottir F. An item level evaluation of the Marlowe-Crowne Social
Desirability Scale using item response theory on Icelandic internet panel data and cognitive interviews. Pers Individ Dif.
Mar 2017;107:164-173. [doi: 10.1016/j.paid.2016.11.023]

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 14
(page number not for citation purposes)

https://www.researchgate.net/publication/397179578_Narrative_versus_Research-based_Messages_in_Encouraging_Stress_Management_-_Decision_Style_and_Experiential_Thinking_Style_as_Moderators
https://www.researchgate.net/publication/397179578_Narrative_versus_Research-based_Messages_in_Encouraging_Stress_Management_-_Decision_Style_and_Experiential_Thinking_Style_as_Moderators
https://www.researchgate.net/publication/397179578_Narrative_versus_Research-based_Messages_in_Encouraging_Stress_Management_-_Decision_Style_and_Experiential_Thinking_Style_as_Moderators
https://doi.org/10.1111/j.1467-6494.2011.00718.x
http://www.ncbi.nlm.nih.gov/pubmed/21241307
https://doi.org/10.1080/00223891.2015.1132426
http://www.ncbi.nlm.nih.gov/pubmed/26967981
https://doi.org/10.1027/1614-0001/a000148
https://doi.org/10.1080/15305058.2012.703734
https://doi.org/10.1037//0021-9010.78.1.98
https://doi.org/10.1007/s11336-008-9102-z
https://doi.org/10.1037/met0000144
https://doi.org/10.1037/met0000144
http://www.ncbi.nlm.nih.gov/pubmed/28557467
https://doi.org/10.1007/s00038-012-0416-3
http://www.ncbi.nlm.nih.gov/pubmed/23089674
https://doi.org/10.1111/j.1467-6494.1986.tb00391.x
https://doi.org/10.1037/1040-3590.7.3.309
https://doi.org/10.1037/pas0000626
http://www.ncbi.nlm.nih.gov/pubmed/30896212
https://doi.org/10.1177/1088868310366253
http://www.ncbi.nlm.nih.gov/pubmed/20435807
https://doi.org/10.1037/1040-3590.12.1.102
https://doi.org/10.3390/bs13110935
https://doi.org/10.3390/bs13110935
http://www.ncbi.nlm.nih.gov/pubmed/37998682
https://doi.org/10.1027/1614-0001/a000141
https://doi.org/10.1027/1614-0001/a000141
http://www.ncbi.nlm.nih.gov/pubmed/29410940
https://doi.org/10.1080/00273171.2012.715555
http://www.ncbi.nlm.nih.gov/pubmed/24049214
https://doi.org/10.1080/00273170802285743
http://www.ncbi.nlm.nih.gov/pubmed/26741203
https://doi.org/10.1371/journal.pone.0167110
http://www.ncbi.nlm.nih.gov/pubmed/27893845
https://doi.org/10.1111/j.0887-378X.2004.00327.x
http://www.ncbi.nlm.nih.gov/pubmed/15595946
https://doi.org/10.7275/jyj1-4868
https://doi.org/10.1016/j.paid.2016.11.023
https://www.jmir.org/2026/1/e80662


85. Zhang Y, Rong J, Wang X, et al. Smartphone app–based survey deployment patterns and longitudinal response rate:
randomized controlled trial. J Med Internet Res. 2025;27:e73972. [doi: 10.2196/73972]

86. Schepman A, Rodway P. Initial validation of the general attitudes towards artificial intelligence scale. Comput Hum
Behav Rep. 2020;1:100014. [doi: 10.1016/j.chbr.2020.100014] [Medline: 34235291]

87. Biega AJ, Potash P, Daumé H, Diaz F, Finck M. Operationalizing the legal principle of data minimization for
personalization. Presented at: SIGIR ’20; Jul 25-30, 2020:399-408; Virtual Event China. Jul 25, 2020.[doi: 10.1145/
3397271.3401034]

88. Mittelstadt BD, Allo P, Taddeo M, Wachter S, Floridi L. The ethics of algorithms: mapping the debate. Big Data Soc.
Dec 2016;3(2):2053951716679679. [doi: 10.1177/2053951716679679]

89. Altenburger KM, Ugander J. Monophily in social networks introduces similarity among friends-of-friends. Nat Hum
Behav. Apr 2018;2(4):284-290. [doi: 10.1038/s41562-018-0321-8] [Medline: 30936539]

90. García-Pérez MA. Use and misuse of corrections for multiple testing. Methods Psychol. Nov 2023;8:100120. [doi: 10.
1016/j.metip.2023.100120]

91. Raborn AW, Leite WL, Marcoulides KM. A comparison of metaheuristic optimization algorithms for scale short-form
development. Educ Psychol Meas. Oct 2020;80(5):910-931. [doi: 10.1177/0013164420906600] [Medline: 32855564]

92. Rouvere J, Griffith Fillipo IR, Romanelli M, et al. Personalization strategies for increasing engagement with digital
mental health resources: sequential multiple assignment randomized trial. JMIR Ment Health. Nov 4, 2025;12:e73188.
[doi: 10.2196/73188] [Medline: 41187311]

93. Suchikova Y, Tsybuliak N, Teixeira da Silva JA, Nazarovets S. GAIDeT (generative AI delegation taxonomy): a
taxonomy for humans to delegate tasks to generative artificial intelligence in scientific research and publishing. Account
Res. Apr 2026;33(3):2544331. [doi: 10.1080/08989621.2025.2544331] [Medline: 40781729]

94. Personalization based on a minimal number of items opinion piece. OSF. 2025. URL: osf.io/rkw7h/overview [Accessed
2026-05-08]

Abbreviations
ACO: ant colony optimization
ETS: Experiential Thinking Style
FA: factor analysis
GAD-2: Generalized Anxiety Disorder-2
GAD-7: Generalized Anxiety Disorder-7
IRT: item response theory
ML: machine learning
PHQ-2: Patient Health Questionnaire-2
PHQ-4: Patient Health Questionnaire-4
PHQ-9: Patient Health Questionnaire-9

Edited by Stefano Brini; peer-reviewed by Abdulazeez Alabi, Rui-qi Wang, Stella Anukam; submitted 14.Jul.2025; final
revised version received 09.Apr.2026; accepted 10.Apr.2026; published 08.Jun.2026

Please cite as:
Yeung SK, Tong ACY, Zhao H, Mak WWS
Using Ultra-Abridged Individual Difference Scales for Personalization in Digital Mental Health to Improve Uptake,
Engagement, and Experiences: Three-Tiered Decision Framework for Scale Shortening
J Med Internet Res 2026;28:e80662
URL: https://www.jmir.org/2026/1/e80662
doi: 10.2196/80662

© Siu Kit Yeung, Alan C Y Tong, Han Zhao, Winnie W S Mak. Originally published in the Journal of Medical Internet
Research (https://www.jmir.org), 08.Jun.2026. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research
(ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on https://
www.jmir.org/, as well as this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Yeung et al

https://www.jmir.org/2026/1/e80662 J Med Internet Res 2026 | vol. 28 | e80662 | p. 15
(page number not for citation purposes)

https://doi.org/10.2196/73972
https://doi.org/10.1016/j.chbr.2020.100014
http://www.ncbi.nlm.nih.gov/pubmed/34235291
https://doi.org/10.1145/3397271.3401034
https://doi.org/10.1145/3397271.3401034
https://doi.org/10.1177/2053951716679679
https://doi.org/10.1038/s41562-018-0321-8
http://www.ncbi.nlm.nih.gov/pubmed/30936539
https://doi.org/10.1016/j.metip.2023.100120
https://doi.org/10.1016/j.metip.2023.100120
https://doi.org/10.1177/0013164420906600
http://www.ncbi.nlm.nih.gov/pubmed/32855564
https://doi.org/10.2196/73188
http://www.ncbi.nlm.nih.gov/pubmed/41187311
https://doi.org/10.1080/08989621.2025.2544331
http://www.ncbi.nlm.nih.gov/pubmed/40781729
https://www.jmir.org/2026/1/e80662
https://doi.org/10.2196/80662
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/
https://www.jmir.org/2026/1/e80662

	Using Ultra-Abridged Individual Difference Scales for Personalization in Digital Mental Health to Improve Uptake, Engagement, and Experiences: Three-Tiered Decision Framework for Scale Shortening
	Scale Length as a Barrier to Personalization in Digital Mental Health
	Ultrabrief Scales in Digital Mental Health
	Item Selection and Scale Shortening
	Selecting Items for Personalization
	Validity and Reliability Considerations
	When Using Ultrashort Scales for Personalization Is Problematic
	Recommendations on Practical Framework
	Tier 1: Define Goal
	Tier 2: Consider Methodological Constraints
	Tier 3: Validation and Real-World Performance

	Ethical Considerations
	Limitations and Future Directions
	Conclusion


