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SUMMARY. This article explores the application of psychometric
methods in mental health assessments conducted through mobile
applications. Its primary objective is to identify the most effective
psychometric approach for processing mobile psychological data.

The paper conducts a thorough review of three key psychometric
measurement models: Classical Test Theory (CTT), Rasch
Measurement Theory (RMT), and Item Response Theory (IRT). This
evaluation assesses each model's capability in creating and analyzing
measurement scales, with a special focus on their adaptability to mobile
data collection contexts.

CTT, known for its simplicity, is limited in estimating response patterns,
particularly when dealing with polytomous Likert-like items, and lacks
robust methods for setting measurement-relevant cut-off criteria. IRT
stands out in its analysis of item parameters but is hindered by its inability
to support the creation of a measurement scale based on total scores,
which is a significant limitation in the context of mobile data. In contrast,
RMT provides an extensive range of tools for developing measurement
scale models. These tools include capabilities for estimating item
parameters, analyzing individual response patterns, and establishing
interpretive cut-off criteria. The study ultimately determines that Rasch
Measurement Theory is the optimal approach for analyzing psychological
data collected via mobile applications, due to its comprehensive
methodology and suitability for the unigue demands of mobile data
analysis.
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Recent years have seen a significant expansion in the use of patient-reported
outcomes within healthcare, particularly in psychiatry and clinical psychology. Although
some instruments are administered by healthcare professionals, the majority are self-
completion tools, extensively used in both clinical practice and research (Arean et al.,
2016; Harari et al., 2016; Lecomte et al., 2020). These instruments offer the benefit of
reducing the assessment burden on patients and are practical for use in large populations

where conducting structured clinical interviews may be challenging or impractical.

There has been a noticeable increase in the number of mobile apps targeting latent
constructs such as emotional well-being, mood, anxiety, and depression (Heron & Smyth,
2010; Lecomte et al., 2020; Martin-Martin et al., 2021; Meyerhoff et al., 2021). It is critical
to ensure that clinical outcome assessments used in mental health apps are both valid
and reliable. Employing tools with untested diagnostic properties can lead to the
dissemination of misleading results. Most mobile mental health applications utilize well-
established, psychometrically sound self-assessment tools, such as the GAD-7, PHQ-9,
and others (Kroenke et al., 2007; Plummer et al., 2016; Sapra et al., 2020). However,
when adapted for mobile applications, even tools with strong psychometric properties
must be scrutinized for how they are interpreted and used in this new format. This makes
assessing the alignment of the data with its intended diagnostic purpose extremely

important.

In the context of mobile usage, it is essential that the data accurately capture the
intended concept, such as depression or anxiety. Given that data interpretation often
relies on total scores, it is crucial that these scores are based on an appropriate
measurement model. This ensures the psychometric validity and measurability of the
summed scores (Embretson & Reise, 2013; Mari et al.,, 2021). Three primary
measurement models in psychometric data analysis are classical test theory (CTT),
Rasch measurement theory (RMT), and item response theory (IRT). This article aims to
explore which measurement models are most suitable for mobile psychological data
(Cappelleri et al., 2014; Embretson & Reise, 2013; McClimans et al., 2017).

When measuring a construct such as depression, indicators or items related to the
construct are identified, ideally aligning with the underlying theoretical framework. The
likelihood of an individual endorsing a specific item should correspond with their level of

the attribute being measured. For instance, someone with more severe depression is
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more likely to endorse an item indicating low interest, compared to someone who is not
depressed. While this item alone does not directly measure depression, it contributes to
a broader depression score when combined with other related items. The development
of a reliable set of items to measure a specific construct adheres to various psychometric
theories and requirements, as detailed in existing literature (Mari et al., 2021; McClimans
et al., 2017; Mohamad et al., 2015).

To date, most self-reported outcomes questionnaires have been evaluated using
Classical Test Theory (CTT) (Cappelleri et al., 2014). CTT posits that an observed
indicator (such as a test score) is linked to a latent variable (the 'true score’), with random
error influencing the observed score. This concept of linking observed events with latent
factors traces back to the pioneering work of Francis Galton, who laid the scientific
foundation for this field. Building on the concept of correlation, British psychologist
Charles Spearman further developed the classical test theory, or true score model.
Between 1904 and 1913, Spearman introduced logical and mathematical arguments to
address the presence of errors in test scores, positing that the correlation between
‘erroneous’ scores is lower than that between their 'true objective values' (Cappelleri et
al., 2014; McClimans et al., 2017). Spearman's CTT postulates that any test score (X)
can be represented as a composite of a true score (T) and a random error (E), expressed
asX=T+E.

CTT does not view the true score as the exact number of items a subject can
answer correctly or the precise score they can receive. Instead, it conceptualizes a 'true
score' as a theoretical construct, equivalent to an ideal measure obtained without error
(Embretson & Reise, 2013). In CTT, the true measure of the latent variable is not directly
determined; rather, it's the expected equivalence to the theoretical true score that is
considered acceptable. The observed test score serves as an indicator of a theoretically
existing true score, differing from it by the amount of random error. CTT suggests that
with multiple studies using alternative test forms on the same subjects, the average test
score will approximate the true score. These alternative test scores are assumed to have
a normal distribution and equal variances, symmetrically distributed around the true
score. A larger variance in observed scores indicates a greater measurement error. The
standard deviation of each subject's random error distribution shows the magnitude of
this error. Since all subjects share the same standard deviation, this value alone suffices
to estimate the expected error, termed the "standard measurement error” (Cappelleri et

al., 2014; de Champlain, 2010; McClimans et al., 2017).
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CTT aims to minimize measurement error by maximizing the approximation
between observed and true scores. As the true score's measurement error is unknown,
approximation from X to T is sought by enhancing test reliability, hence CTT's strong
emphasis on test reliability. Within the Classical Test Theory (CTT) framework, reliability
is commonly estimated using Cronbach's alpha, which assesses scale reliability through
internal consistency. CTT lacks a unified analytical apparatus, instead relying on
statistical methods like correlation and factor analysis to validate and verify data reliability.
This approach examines the psychometric properties of a test independently, without
integrating them into a singular analytical method. Despite these limitations, CTT has
been a widely used measurement model throughout the 20th century due to its simplicity,
adaptability to various psychological variables and measurement contexts, and ease of
calculation for respondent scores. Most data analysis software readily provides basic
statistics and reliability coefficients necessary for item and test analysis. Clinicians widely
accept CTT’s psychometric properties, such as reliability, validity, and sensitivity to

change.

However, CTT falls short of the scientific rigor required for high-stakes clinical
measurements due to several key limitations: (a) it produces ordinal, not interval,
measurements; (b) scores are scale and sample dependent; (c) scale properties like
reliability and validity vary with the sample; and (d) while suitable for group-level
inferences, CTT cannot accurately measure individual patients. Consequently, test
parameters can vary and become unstable across different samples. Furthermore, CTT
does not provide methods for detecting falsified responses, particularly in mobile test
data, leading to potential inaccuracies and compromised validity. It also lacks criteria for
valid and reliable interpretation of mobile data (Cappelleri et al., 2014; de Champlain,
2010; Embretson & Reise, 2013; McClimans et al., 2017). Since the 1930s, Classical
Test Theory (CTT) has been foundational in test development. However, recent decades
have seen a paradigm shift due to its noted limitations. Increasingly, Item Response
Theory (IRT) models and Rasch measurement theory are supplanting CTT in

psychological measurements (de Champlain, 2010; McClimans et al., 2017).

IRT represents an alternative approach to psychometric analysis, focusing on the
congruence between a chosen model and the structural and statistical patterns of mobile
assessment data. This theory describes the functional relationship between a person's
response to a test item and a latent variable (e.g., emotional well-being, depression,

anxiety), symbolically represented by the Greek letter "theta" (8). Essentially, individuals
November, 2023 (4] goodville.me



) goodville

Psychometric Approaches for Analyzing Mobile Psychological Data: Which One is Best?

with higher 6 levels are more likely to endorse a test item, while those with lower 6 are
less likely to do so. The core of IRT models lies in statistically analyzing subjects’
response patterns to specific items (Cappelleri et al., 2014; de Champlain, 2010;
McClimans et al., 2017).

IRT models estimate the relationship between 6 and the probability of a particular
response. Typically, these relationships are described by a normal ogival or logistic
function, with the logistic function being more prevalent and practical in modern
psychometrics. IRT models use several parameters to describe the interaction between
a person and a test item. The first, theta (8), characterizes each subject. The item
difficulty, denoted as "b", is evaluated similarly to the measured construct. In IRT, item
difficulty corresponds to the 6 level where 50% of subjects are likely to provide the key
response. Additionally, IRT models incorporate an item discrimination parameter, "a",
which assesses an item's ability to differentiate between subjects with varying levels of 6.
Some models also include a "c" parameter, representing a lower asymptote or guessing
parameter, accounting for the likelihood of low 6 subjects providing accurate responses.

Depending on the number of item parameters, IRT employs one-parameter (only
b), two-parameter (b and a), or three-parameter (b, a, and c) logistic models. These
models graphically depict functional relationships between model parameters and
response probability via item characteristic curves (ICCs). An ICC, essentially an S-
shaped regression line, illustrates how the probability of a key response to a test item
varies with 6. The item discrimination (a) is indicated by the ICC curve's slope, which
shows how probabilities shift with changes in 6. The item difficulty (b) is graphically
represented by the ICC's position relative to the horizontal axis, with a rightward shift

indicating a more challenging item (DeMars, 2010; Embretson & Reise, 2013).

Item Response Theory (IRT) models offer several advantages over Classical Test
Theory (CTT) models in psychological measurement. A key strength of IRT is its capacity
to produce an invariant measurement structure, where person and item parameter
estimates are independent of the specific sample from which they are derived. Once
measurement parameters are established in one data sample, they can be reliably
reproduced in other samples. Additional benefits of IRT include the ability to measure at
interval levels and to determine the degree of fit for both items and individuals. There are
also notable differences between CTT and IRT in terms of item scaling and local

accuracy. CTT assigns equal measurement weight to each item, resulting in uniform
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scoring (de Champlain, 2010; McClimans et al., 2017). In contrast, IRT models can
differentiate items based on their placement within the measured construct, such as
identifying items that signify varying degrees of depression severity. This allows for a
more nuanced positioning of respondents on the construct continuum, considering their
agreement with specific items that reflect certain symptoms. Furthermore, while CTT
employs a constant error across all levels of the measured variable, IRT adapts the
measurement error according to variable levels, enhancing overall measurement
accuracy. In the realm of mobile data evaluation, IRT models are superior, thanks to their
measurement invariance, capability to analyze response patterns, and the differentiated

analysis of item and person parameters.

For mobile psychological assessments, IRT models are instrumental in
determining item difficulty and discrimination. These parameters aid in assessing the
efficacy of test items within mobile data collection contexts. However, the construction of
a complete IRT-based psychological measurement is not without challenges. Specifically,
IRT does not account for the total test score, a critical factor in interpreting mobile data.
The discrimination parameter may lead to varying ability levels for respondents with
identical total scores. Therefore, while IRT models offer valuable insights, their utility in
analyzing mobile data is somewhat limited (Embretson & Reise, 2013; Mari et al., 2021;
Reise & Revicki, n.d.).

The Rasch Measurement Theory (RMT), initially known as the Rasch model (RM)
or Rasch analysis, represents a significant approach in unidimensional measurement
modeling (Andrich & Marais, 2019; Boone & Staver, 2020). This model calculates the
relationship between item difficulty (e.g., the level of depression expressed by an item)
and person ability (e.g., an individual's depression level) by evaluating the ratio of positive
or negative endorsements and expressing the difference as log-odds. In RMT, a person's
likelihood of endorsing an item is logistically related to the difference between their ability

level and the item's difficulty.

Although formally similar to a one-parameter logistic IRT model, the Rasch model
was developed independently by Danish mathematician Georg Rasch (Andrich & Marais,
2019; Bond et al., 2020). Diverging from other IRT models, RMT uniquely incorporates a
total score during parameter estimation, effectively integrating individual response
analysis with a summary score. Unlike CTT and IRT, which do not adequately assess the
suitability of the total score for measuring latent traits, RMT specifically determines
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whether the summary score can be used for data interpretation (Engelhard, 2013; Wilson
& Fisher, n.d.).

Rasch analysis refers to a one-parameter model, focusing on the item difficulty
parameter. In clinical contexts, this translates to the likelihood of endorsing an item that
reflects a specific ability or symptom severity. The model suggests that items representing
more severe symptoms (or higher abilities) have lower endorsement odds. The Rasch
model's defining characteristic is invariant measurement, asserting that person scores
should not depend on the specific items and vice versa (Boone, 2016; Engelhard, 2013).
By probabilistically analyzing respondents' answers, RMT evaluates whether response
patterns form a scale that meets the requirements of fundamental measurement,
including additivity and interval scaling. This approach results in item and person
parameters being calculated independently, leading to estimates that are free of sample
and test item biases. However, it's necessary to verify empirically that the assumed
invariance holds true. When the model fits the data structure, log-odds of item
endorsements provide reasonable estimates of a person’s underlying ability. Moreover,
RMT has an advantage over CTT and IRT as it transforms raw ordinal data into interval
variables, using log-odds units as the measure (Andrich & Marais, 2019; Boone & Staver,
2020; Engelhard, 2013; Engelhard Jr. & Wind, 2017; Khine, 2020).

Rasch analysis represents a comprehensive approach to measurement,
determining several key aspects: the transformation of item sets and respondent
reactions into interval measures; the unidimensionality of items, ensuring they measure
a single construct; construct validity, confirming items align with the scale's constructive
orientation; the suitability of respondent reactions for ability measurement, distinguishing
between genuine and invalid responses; the scale's reliability and separation attributes;
the precision of test items in assessing varying ability levels; and the appropriateness of
total scores for assessment and data interpretation (Boone, 2016; Boone et al., 2014;
Boone & Staver, 2020; da Rocha et al., 2013; Engelhard, 2013; Engelhard Jr. & Wind,
2017; Green & Frantom, 2002).

A diverse array of models within Rasch Measurement Theory is available for
analysis, tailored to the format of test items. The classical Rasch model, typically
employed for dichotomous items offering binary 'yes' or 'no' responses, is a standard

approach. For Likert-like items, two polytomous models are employed: the Rating Scale
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Model and the Partial Credit Model (Boone & Staver, 2020; da Rocha et al., 2013; Khine,
2020).

The Rasch Measurement Theory offers several components crucial for evaluating

mobile assessment results.

Item Difficulty Analysis. This pertains to the level of ability an item measures.
Analyzing item difficulty in mobile assessments helps arrange test items hierarchically
based on their difficulty. Since item difficulty indicates the likelihood of an item being
endorsed relative to a person's ability, it reflects the frequency of the symptom's
occurrence in the population. Common symptoms have low difficulty, whereas rare
symptoms exhibit high difficulty. This analysis is vital for gauging the effectiveness of a
mobile assessment questionnaire in accurately measuring abilities at various severity
levels (Boone & Staver, 2020; McClimans et al., 2017; Mohamad et al., 2015).

Category Thresholds Analysis. Commonly, mobile psychological assessments
use Likert-like items with multiple response categories. Ideally, these categories should
form a continuum reflecting increasing levels of a trait, such as depression. For instance,
"several days" should indicate a lower level of depression than "more than half of the
days." Disordered rating scale categories can imply misunderstandings in how the scale
is interpreted by participants and researchers. Rasch analysis allows for the
determination of category threshold parameters — points between adjacent response
categories where both are equally likely. The ordering of threshold parameter values
should reflect the sequence of answer categories, ensuring the highest probability of each
answer within its category interval. Disordered thresholds, which may arise from
ambiguous wording or respondents' inability to distinguish between options, might
necessitate item rescoring (Boone, 2016; Boone & Staver, 2020; Khine, 2020).

Fit Statistics. To conform to Rasch model properties, empirical data must align
with model predictions. Fit statistics evaluate the data's conformity to the model and the
usefulness of the measure scale. These include average fit (mean square and
standardized) of persons and items, and fit statistics related to the appropriateness of
rating scale categories. Fit statistics are calculated by squaring the differences between
observed and expected responses, averaging these across pairs, and standardizing
them. Ideal fit produces mean square and standardized fit indices of 1.0 and 0.0,
respectively. Person fit statistics, unique to the Rasch model, assess respondent

consistency, identifying potential issues like inattention or confusion. They help determine
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the reliability of data in a mobile dataset for further analysis. Item fit statistics, on the other
hand, check if items appropriately measure the intended ability. Misfitted items, possibly
due to complexity or measuring a different construct, are flagged for review to ensure
constructive validity (Boone, 2016; Boone et al., 2014; Green & Frantom, 2002; Wright &
Masters, 1990).

Item-Person Map (Targeting). A key aspect of Rasch analysis is aligning item
difficulty with a person's ability. Accurate measurement requires differentiation across the
full spectrum of abilities, necessitating a range of item difficulties. Rasch analysis uses a
person-item map to illustrate item targeting relative to patient abilities and calculates the
mean differences between items and patients. Optimal targeting occurs when the
average difficulty of items matches the average ability of persons. A larger mean

difference signifies poorer targeting (Boone et al., 2014; Green & Frantom, 2002).

Unidimensionality Analysis. Essential for the structural validation of
psychometric scales, unidimensionality means only one latent dimension (like
depression) contributes to the common variance. For scales assessing a single ability, all
items should measure just that. If a scale is unidimensional, local independence is
observed, meaning the latent dimension explains item relationships, and no significant
intercorrelation exists between items. Rasch analysis, despite modeling one-dimensional
measurement scales, can detect multidimensionality more sensitively than traditional
factor analysis (FA), using principal components analysis of standardized residuals.
Unidimensionality is assessed by the eigenvalue of the first contrast in the principal
components matrix, with a value of 2 or less indicating a unidimensional scale (Boone &
Staver, 2020; Engelhard, 2013).

Differential Item Functioning (DIF). In Rasch analysis, items should measure the
same trait consistently across different groups. DIF occurs when an item's estimates vary
among groups. It suggests the presence of construct-irrelevant variance affecting the
scores. DIF analysis, crucial in mobile dataset research due to diverse populations,
assesses measurement invariance across different groups based on variables like
pathology, gender, age, education level, and country. This analysis often employs the
Mantel-Haenszel procedure, comparing item responses between reference and focal
groups with equivalent attribute levels (Boone, 2016; Boone & Staver, 2020; da Rocha et
al., 2013).
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Interval Scale, Logits. The Rasch model transforms raw scores into logit interval
measures. Logits, theoretically ranging from negative to positive infinity, typically span
from -5 to +5 logits in practical applications. Each raw total score corresponds to a specific
log-odd and has an equivalent logit value, complete with a standard error of estimate.
This logit scale accurately reflects the measurement differences between raw total scores
across ability continuums (Engelhard, 2013; Engelhard Jr. & Wind, 2017; Wilson & Fisher,
n.d.).

Rasch Change Index (RCI). The Standard Error (SE) associated with each logit
value, which corresponds to a raw score, determines the precision of the measurement.
A significant difference between two logit measures can be calculated using their
respective standard errors. Since there is an equivalent relationship between logits and
raw scores, a significant difference in logits implies a corresponding measurement
difference in raw scores. Essentially, the RCI represents the statistically significant
difference between two logits and the significant measurement distance between the raw
total scores corresponding to these logits. An RCI value is calculated based on the
standard error of the difference between logits and the Z-value, which represents the
selected probability. Commonly, RCI is computed using probabilities of 95% (Z=1.96) and
90% (Z=1.645). The difference between logits is considered statistically significant if the
RCI value exceeds the arithmetic difference between them. By applying RCI consistently
from the starting to the ending logit, we can segment the entire scale into statistically
significant ranges reflecting different levels of ability. This method allows for scientifically
justified cut-off criteria for the interpretation of mobile psychological and clinical outcome
assessments (Caronni et al., 2021).

Reliability and Separation Statistics. Rasch analysis estimates reliability for both
items and persons. Person reliability is analogous to the classic Cronbach's alpha test
reliability and indicates the reproducibility of a person's ability order for a specific set of
items across a sample. Item reliability measures the consistency of item difficulty ordering
across respondents for a set of items. Separation statistics use standard error units to
quantify the dispersion of both items and persons. In essence, it represents the number
of distinct levels assignable to the sample of items and individuals. For an instrument to
be effective, its separation should exceed 1, with higher values indicating a broader
spread of items and persons. Estimating separation is crucial, especially in the context of

mobile assessment data. Low separation statistics suggest that the mobile data sample
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does not adequately fit the items, or vice versa (Boone & Staver, 2020; Green & Frantom,
2002; Khine, 2020).

In this study, we explored the feasibility and scientific validity of mobile
psychological assessments. Three key approaches emerged for ensuring scientific
robustness in data: Classical Test Theory (CTT), Item Response Theory (IRT), and Rasch
Measurement Theory (RMT). While CTT offers a simpler method for data analysis, it falls
short in estimating response patterns in relation to test items and is limited when handling
polytomous Likert-like items. Additionally, CTT lacks methods to establish measurement-
relevant cut-off criteria, compromising reproducibility and objectivity in mobile data
analysis. In contrast, IRT excels in analyzing mobile assessment data, particularly in
terms of item parameters. However, it does not support the creation of a measurement
scale based on total scores and might necessitate item discrimination, which is critical for
mobile data. RMT provides comprehensive tools for developing measurement scale
models from mobile datasets. These tools range from estimating item parameters and
individual response patterns to establishing interpretive cut-off criteria. Therefore, for this
study, Rasch Measurement Theory emerges as the most suitable psychometric approach

for analyzing psychological data collected via mobile apps.
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