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Patient feasibility as a novel
approach for integrating IRT
and LCA statistical models into
patient-centric qualitative
data—a pilot study
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Therapeutic Area Oncology Medicine, Boehringer Ingelheim International GmbH, Biberach, Germany,
2Clinical Development and Operations, Boehringer Ingelheim SComm, Belgium, Germany, *Medical
Advisory Department, FindMeCure Ltd., London, United Kingdom

Introduction: Clinical research increasingly recognizes the role and value of
patient-centric data incorporation in trial design, aiming for more relevant,
feasible, and engaging studies for participating patients. Despite recognition,
research on analytical models regarding qualitative patient data analysis has
been insufficient.

Aim: This pilot study aims to explore and demonstrate the analytical framework
of the "patient feasibility” concept—a novel approach for integrating patient-
centric data into clinical trial design using psychometric latent class analysis
(LCA) and interval response theory (IRT) models.

Methods: A qualitative survey was designed to capture the diverse experiences
and attitudes of patients in an oncological indication. Results were subjected
to content analysis and categorization as a preparatory phase of the study.
The analytical phase further employed LCA and hybrid IRT models to discern
distinct patient subgroups and characteristics related to patient feasibility.
Results: LCA identified three latent classes each with distinct characteristics
pertaining to a latent trait defined as patient feasibility. Covariate analyses
further highlighted subgroup behaviors. In addition, IRT analyses using the
two-parameter logistic model, generalized partial credit model, and nominal
response model highlighted further distinct characteristics of the studied
group. The results provided insights into perceived treatment challenges,
logistic challenges, and limiting factors regarding the standard of care therapy
and clinical trial attitudes.
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1 Introduction

In recent years, the clinical research field has displayed a significant fundamental shift
from a product-centric research and development paradigm to a more holistic and
collaborative approach that engages patients and healthcare communities as co-creators
and partners in drug development (1). This change reflects an ongoing effort to address
delays, inefficiency, and the integration of the patient experience and perspective
throughout the research process (2) and is defined broadly as “patient-centricity.”
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Advancing this context, there is a growing body of evidence
suggesting that actively involving patients in the design and
conduct of clinical trials can lead to the identification of valuable
insights that inform further trial development and may
potentially improve patient recruitment and retention (3-5).
Furthermore, efforts in understanding and integrating patient
perspectives can help develop patient-focused adaptations in trial
protocols (6).

Shifting from conceptual to practical terms, one area of the
clinical research process that could also benefit from patient-
centric efforts is the so-called feasibility assessment. This process
involves assessing various factors to determine the practicality
and viability of conducting a clinical trial. These assessments are
crucial in preventing potential premature trial discontinuations,
protocol amendments, and other events resulting in a significant
waste of resources (7). In addition, sponsors are increasingly
focusing on real-world data to inform data-driven decisions
regarding different components of a planned trial, such as
eligibility criteria evaluation (8). Although a complex concept
with many variables, in this process, observational patient-
derived data can play an important role in informing more
effective trial protocols to achieve objectives (9).

Based on the presented context, this pilot study employs two
statistical models in a novel analytical framework called “patient
feasibility.” This framework is a two-step process for the
evaluation and quantification of selected patient experiences in
various aspects of the standard of care treatment.

A patient’s perspective of the standard of care treatment is a
valuable tool for assessing the quality of care (10) and identifying
key elements that ultimately impact the perceived patient-
centricity of an intervention or a treatment regimen (11).

In this context, the standard of care insights surfaced by the
“patient feasibility” framework can then be used to inform
different parts of a trial design to achieve a more patient-tailored
experience within a clinical trial. The proposed analytical
framework in this study achieves this through two subsequent
methods—latent class analysis (LCA) and interval response
theory (IRT) models.

LCA is a person-centered categorical data analysis method that
identifies latent classes based on similar response patterns within
groups of surveyed people (12). On the other hand, IRT models
present a statistical method that explores the relationship
between individuals™ latent traits and their responses to items in
a questionnaire (11). However, a limitation of the LCA is the
potential struggle to capture the continuous nature of patient
latent traits (12), and IRT may not fully account for the complex
relationships between latent traits and item responses (13).

To overcome the mentioned limitations, the combined use of
LCA and IRT has shown promise in some studies. For instance,
Wu et al. applied IRT and LCA to examine comorbid substance
use disorders in opioid-dependent patients, demonstrating the
utility of these methods in understanding the heterogeneity of
patient conditions (14). Similarly, Ueckert et al. explored the use
of IRT in analyzing Alzheimer’s Disease Assessment Scale -
Cognitive Subscale (ADAS-Cog) data in Alzheimer’s disease
trials, showcasing the potential of combining pharmacometric
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modeling with IRT to enhance data analysis (15). However, LCA
and IRT in both studies focused on a specific population, which
may limit the broader applicability of the results to other patient
populations or settings.

With this pilot study, the authors aim to test and expand the
use of both mentioned statistical approaches in the context of
understanding broader patient group heterogeneity and
identifying latent traits within the standard of care context.

It has been previously noted that by integrating patient
perspectives gained from standard of care therapy, clinical trials
can be customized to better accommodate patient needs thus
increasing patient-centricity in clinical research (16).

The presented exploratory study highlights the joint efforts
between Boehringer Ingelheim and FindMeCure in understanding
and quantifying the patient experience across three key latent
traits—logistic challenges, healthcare engagement, and disease
burden on daily life. The name is derived from traditional
feasibility processes undertaken in clinical trial planning such as
country and site selection. With patient feasibility, the authors aim
to develop future machine learning (ML) analytical frameworks
that can explore meaningful patient-reported outcomes and
surface insights from various treatment settings.

2 Aim

The aim of this pilot study was to demonstrate the basic
analytical framework of a novel approach for the utilization and
integration of patient-centric data called “patient feasibility”
through IRT and LCA analysis.

3 Data and methodology
3.1 Patient survey

This study involved patients diagnosed with glioblastoma (an
aggressive type of brain cancer) from the USA and Germany in
the standard of care setting. Participants included a diverse
demographic without restrictions on age or sex, chosen to
capture varied patient experiences due to the contrasting
healthcare systems of these two countries.

The dataset was created from a 16-question survey with open-
ended questions (also called items later in the presentation). Each
question is associated with one of the three predefined themes
examining different aspects and stages of the patient journey
under the standard of care treatment, called latent traits: (1)
healthcare engagement, (2) logistical challenges, and (3) disease
impact on daily life. Latent traits are not directly measurable but
are inferred from observable responses to the survey questions.

The aim was to understand how these latent traits and factors
influence patient experiences and how the insights surfaced from
LCA and IRT can be applied to a future clinical trial’s patient-
centricity strategy. The survey data were anonymized prior to
analysis. The survey was conducted online and distributed
through the FindMeCure (FindMeCure Ltd.) platform to target

frontiersin.org


https://doi.org/10.3389/fdgth.2024.1378497
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

Kluglich et al.

population groups from Germany and the USA. In total, the survey
captured responses from 113 patients.

3.2 Measurements

The study uses content analysis to transform survey answers
into discrete observations that can be used in statistical models.
Qualitative content analysis of the free-form responses was used
to understand the nuances and repeating patterns. The most
meaningful themes that best represent the data are systematically
categorized and assigned a numerical code.

Depending on the type of question, the categorized data
represent the following measurement levels:

o Nominal—distinct categories, without an inherent ranking,
relationship, or hierarchy between the elements;

o Ordinal—categories have a meaningful ranking but the interval
between the elements is not necessarily equal; and

« Dichotomous—this is a type of nominal data that represents a
binary choice, in the current case, yes/no questions and
the region.

Table 1 outlines the qualitative content analysis.

An important note within the context of the study survey is the
item “Have you experienced side effects from the current
treatment?” (Side_Effects). This item does not signify side effects
in a strictly medical context but rather any subjective events
related to a current treatment that the patient classifies as
unwanted or negative.

There are 113 cases and 17 variables (see Supplementary
Material S1 for measurement frequencies).

3.3 Methodology

The empirical analysis of the study employs a combination of
LCA and hybrid IRT.

3.3.1 Latent class analysis

The LCA is particularly useful when dealing with categorical
patient data because it can reveal distinct groups of patients
(latent classes) that have similar treatment experiences with a
comparable disease impact on their daily life.

Each
characteristics with conditional probabilities, showing how likely

class is identified based on a combination of
it is for a variable to take certain values. The latent class must be
solved for statistically independent variables to ensure that the
identified subgroups are characterized only by the patterns of
association.

The latent class model form is shown in Equation 1 (LCA
model form):

T N
Piviowin = e || 21 (1)
t n
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where T denotes the number of latent classes, p, is the
unconditional probability (total sum to 1), and p} . is the
conditional probability.

3.3.2 IRT model

IRT is a statistical framework that can provide deeper insights
into the patient-reported outcomes. The models in this family can
indicate how individual items, in this case patient responses to
survey questions, are associated with a latent trait.

3.3.2.1 Two-parameter logistic model for

dichotomous items

The two-parameter logistic (2PL) model is commonly employed
for dichotomous items. The probability of a correct response
P(Xj; = 1) for person i on item j in a 2PL model is given by
Equation 2 (2PL model form):

1

1+ exp(—aj(ﬁi — b])) (2)

P(X;=1)=

where P(Xj;; = 1) is the probability of a correct response, a; is the
discrimination parameter for item j, 6; is the latent trait for
person i, b; is the difficulty parameter for item j, and exp is the
exponential function.

3.3.2.2 The graded partial credit model for ordinal items
The graded partial credit model (GPCM) is used for ordinal
variables. The probability of observing a response category k or
less for person i on item j in a GPCM is given by Equation 3
(GPCM model form):

xp(Sho1 am(0 ~ b))

P(X;; < k) =
' L+ 3y &P (e @im(6; = bjn))

(©)

where P(X;; < k) is the probability of observing response category k
or less, ajy, is the discrimination parameter for category m of item j,
b, is the difficulty parameter for category m of item j, and K is the

total number of response categories for the ordinal item.

3.3.2.3 Nominal response model for nominal items

The nominal response model (NRM) is used for the nominal
measurements. The probability of observing a response in
category k for person i on item j in an NRM is given by
Equation 4 (NRM model form):

exp (avjr - 6, — Bik)
Sy exp (ay - 0, — By)

P(Xpi = k) = “)

where P(Xj; = k) is the probability of observing response category k
or less, a im 18 the discrimination parameter for category m of item j,
b is the difficulty parameter for category m of item j, and K is the
total number of response categories for the ordinal item.

LCA was performed in SPSS (Version 29, IBM, Chicago, IL,
USA). IRT models were performed in Stata 14 software (2015,
StatCorp, College Station, TX, USA).
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TABLE 1 Content analysis and coding.

Survey question (item) Category label Category Measure
1 Select country Region Region 1- Germany Nominal (D)
2- USA
2 Have you received therapy yet? Received therapy Revd_Therapy Yes—1 Nominal (D)
No—0
3 What is the received therapy type? Therapy type Therapy_Type 1- Antibody Nominal

2- No therapy yes

3- TTF device

4- Radiotherapy

5- Surgery

6- Surgery + another therapy

7- Chemotherapy

8- Chemotherapy + another
therapy

4 What is your motivation for joining a clinical trial? Motivation Motivation 1- Cure Nominal
2- Survival
3- Quality of life

5 How much time have you discuss treatment options with | Time to discuss treatment | Treat_Discuss_Time | 1- Less than 1 day Ordinal
your physician? 2- 1 day-1 month
3- Over 1 month
6 How many treatment appointments do you have per Appointments per month | Appt_Count 1- 0-2 Ordinal
month? 2-2to5
3- More than 5
7 What is your treatment commute time? Commute Commute 1- 0-30 min Ordinal
2- 30-60 min
3- >60+ min
8 What is the average appointment duration? Appointment time Appt_Time 1- 0-60 min Ordinal
2- 60-120 min
3- 120+ min
9 What part of your appointment do you dislike? Appointment dislike part | Appt_Dislike 1- None Nominal

2- Treatment related
3- Organization related

10 Did your physician offer you to join a clinical trial? Clinical trial offered Offered_Trial 1- Yes Nominal (D)
2- No
11 What financial impact has the treatment on your life? Financial impact Fin_Impact 1- None Ordinal
2- Moderate
3- Heavy
12 Have you experienced side effects from the current Side effects Side_Effects 1- Yes Nominal (D)
treatment? 2- No
13 Were you taken off treatment due to side effects? Taken off treatment Off_Treatment 1- Yes Nominal (D)
2- No
14 What treatment options were offered for the side effects? | Off-treatment options Off_Treat_Options | 1- None Nominal
2- SoC
3- Another therapy
15 Is there evidence of disease progression? Disease progression Disease_Prog Yes—1 Nominal (D)
No—0
16 What treatment options were offered for disease Disease progression Progress_Treatment | 1- Another therapy Nominal
progression? treatment 2- SoC

3- No options
4- No Disease Progression

For the IRT model, the binary measurements were coded with 1—yes, 0—no.

3.3.3 The combination of LCA and IRT item parameters are analyzed for significant variances in the
First, LCA is used to identify subgroups of patients who  observed response patterns of different latent classes.

respond similarly to survey items. This allows the segmentation

of the patient population into meaningful clusters based on their

response patterns. Second, the IRT model is fitted for the whole 4 Results

dataset and difficulty and discrimination parameters are

estimated. Subsequently, the distribution of the latent traits is The basic identified latent traits for all used analyses can be

examined across the identified latent classes and then the overall  categorized into the following three groups:
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o Disease impact on daily life—understand how a patient’s
medical condition and assigned treatment affect their life
through the presence of side effects, disease progression,
dissatisfying treatment aspects, and financial impact.

o Healthcare engagement—explore patterns in the time patients
spend with the physician to discuss treatment, the physician’s
awareness of clinical trials, the patient’s motivation to join a
clinical trial, and options for alternative therapy.

o Logistical challenges—identify challenges that patients face in
the course of their treatment, including the burden from
multiple appointments per month,

long appointment

durations, and long commute time.

41 LCA

The LCA is employed to uncover the distinct patient subgroups
and reveal patterns of associations (latent classes) within the
observed variables (Figure 1). The best model fit was identified by
comparing five models (iterations) with different numbers of latent
classes and combinations of variables and covariates, selecting the
one with the lowest Akaike information criterion (AIC).

The AIC is utilized in the LCA to aid in model selection and
determine the optimal number of classes within the analysis (17).
By evaluating the AIC values of LCA models with different pre-
selected numbers of classes, it is possible to identify the class
number model with the lowest AIC as the most suitable choice,

10.3389/fdgth.2024.1378497

The AIC provides balance between the model goodness-of-fit
to the observed data and complexity. Lower values indicate a
better fit. The analysis suggests that including more variables and
classes does not lead to a better fit. This could be the result from
a higher correlation between some survey questions, thus
including them introduces higher model complexity but not a
better fit of the underlying structure. Another reason could be
that items are not equally informative and might not be relevant
to the latent traits. The second part of the analysis, in which the
IRT model is introduced, aims to address these questions by
evaluating the quality and informative power of the response
items and interpreting the results in the context of the identified
latent classes. Figure 2 shows a comparison of AIC values of the
five performed iterations.

The combination of variables and covariates (shown in
Table 3) in the model from iteration 4 is used as the best fit as
measured by the AIC. Table 3 presents the results from the
latent class analysis for the selected model from iteration 4.

In Table 3, the “conditional probability” columns reflect the
probability that an individual from a latent class 1-3 gives a
response from 1 to 8 to a survey question (item). Columns 1-8
are the coded values of responses to each survey question, as
shown in Table 1. For example, for the item “What is the
received therapy type,” there are eight possible answers, where
1 = Antibody 2=No started Most

Therapy, therapy, etc.

indicating a better fit (18) (Table 2).
8 (18) ( ) AIC value of the tested models
2,500
2,400
2,300
= 2,200
c
S 2,100
@
o 2,000
1,900
. . 1,800
Ordinal Nominal Iteration 1 Iteration 2 Iteration 3 Iteration 4 Iteration 5
FIGURE 1 FIGURE 2
Measurement levels (source: SPSS). LCA model iteration values of the AIC.
TABLE 2 Model fit comparison.
Iteration Variables (OETENS No. of | AIC
classes
1 Region, Revd_Therapy, Therapy_Type, Offered_Trial, Motivation, Appt_Dislike, Side_Effects, Appt_Time 4 2,450
Progress_Treatment, Appt_Count, Fin_Impact, Commute, Treat_Discuss_Time, Off_Treatment,
Off_Treatment_Options, Disease_Progression
2 Region, Revd_Therapy, Therapy_Type, Offered_Trial, Motivation, Appt_Dislike, Side_Effects, Treat_Discuss, 4 2,325
Appt_Time, Fin_Impact, Commute, Treat_Discuss_Time, Off_Treatment, Off_Treatment_Options, Appt_Count
Disease_Progression
3 Region, Therapy_Type, Offered_Trial, Motivation, Appt_Dislike, Side_Effects, Progress_Treatment, Fin_Impact, Appt_Time 3 2,223
Treat_Discuss_Time, Appt_Count, Fin_Impact_Commute
4 Region, Therapy_Type, Offered_Trial, Motivation, Appt_Dislike, Side_Effects, Progress_Treatment, Commute, Appt_Time 3 2,066
Treat_Discuss_Time, Appt_Count, Fin_Impact
5 Region, Therapy_Type, Offered_Trial, Motivation, Appt_Dislike, Side_Effects, Progress_Treatment, Commute, Appt_Time, 3 2,178
Treat_Discuss_Time, Appt_Count, Off_Treatment_Options Fin_Impact
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TABLE 3 LCA, latent class probabilities (source: SPSS).

Variable

Estimated class conditional probabilities

0.268 — — — — — —

Region 1 0.732
2 0.333 0.667 — — — — — —
3 0.462 0.538 — — — — — —
Therapy type 1 — 0.099 — 0.135 0.197 — — 0.569
2 — 1.000 — — — — — —
3 0.028 — 0.014 0.018 — 0.237 0.056 0.648
Offered trial 1 0.068 0.932 — — — — — —
2 0.238 0.762 — — — — — —
3 0.525 0.475 — — — — — —
Motivation 1 0.447 0.302 0.201 0.050 — — — —
2 0.524 0.286 0.190 — — — — —
3 0.445 0.263 0.236 0.056 — — — —
Appointment dislike part 1 0.322 0.069 0.610 — — — — —
2 0.476 0.333 0.190 — — — — —
3 0.146 0.524 0.330 — — — — —
Side effects 1 0.154 0.846 — — — — — _
2 0.000 1.000 — — — — — —
3 0.821 0.179 — — — — — —
Disease progress treatment 1 0.086 0.417 — 0.497 — — — —
2 — — 0.274 0.726 — — — —
3 0.101 0.314 0.153 0.431 — — — —
Time to discuss treatment 1 0.561 0.439 - — - — — —
2 0.857 0.143 — — — — - —
3 0.288 0.420 0.293 — — — — —
Appointments per month 1 0.099 0.617 0.285 — — — — —
2 1.000 — — — — — — —
3 — 0.592 0.408 — — — — —
Financial impact 1 0.316 0.684 — — _ _ _ _
2 0.524 0.286 0.190 — — — — —
3 0.413 0.476 0.112 — — — — —

questions have three to four possible answers; therefore, the
conditional probabilities for values above five are not estimated.

The presented results outline the probabilities of a patient from
a certain class endorsing an item. The highest conditional
probability values for each variable and class are in bold.
Figure 3 is a graphical representation of the conditional
probability characteristics estimated by the fitted model.

Conditional probabilities help create a profile for each latent
class by showing the likelihood of different responses within each
class. Higher probabilities (taller red bars) indicate typical
responses for that class, whereas lower probabilities indicate less
typical responses.

Based on the patterns of high and low conditional probabilities,
we have assigned descriptive labels to each latent class describing the
most prominent traits observed within the class. The formation of
these labels is derived from the most class-descriptive traits.

Covariate regressions of the latent classes against the ordinal
measurements for commute time (Commute) and average
appointment duration (Appointment_Time) are presented in Figure 4.

The LCA model results provide insights into the underlying
structure of the observed patient population across the three
latent classes with distinct characteristics based on their
responses to the measured variables. Figures in brackets show the

conditional probabilities.

Frontiers in Digital Health

4.1.1 Latent class 1: active treatment, moderate
engagement

The results of the LCA for latent class 1 are presented in
Table 4. For each row, heatmapping is used to illustrate the
range of conditional probability values (darker colors indicate a
higher probability). This class encompasses a moderate share of
the patient population (18.0%), of which a predominant group is
from Germany (73.2%).

4.1.2 Latent class 2: early diagnostics, low
engagement

The results of the LCA for latent class 2 are presented in Table 5.
For each row, heatmapping is used to illustrate the range of
conditional probability values (darker colors indicate a higher
probability). This class encompasses a moderate share of the
patient population (18.6%), predominantly from the USA (66.7%).

4.1.3 Latent class 3: active treatment, high
engagement

The results of the LCA for latent class 3 are presented in Table 6.
For each row, heatmapping is used to illustrate the range of
conditional probability values (darker colors indicate a higher
probability). This class encompasses a major share of the patient
population (63.5%), balanced between Germany and the USA.
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4.2 Hybrid IRT model

The rationale behind employing a hybrid IRT model is rooted in its
ability to address the complexity of patient survey data. By combining
different IRT models, the analysis can capture unidimensional and
multidimensional aspects of the examined latent traits. Table 7
illustrates the summary results of the hybrid IRT model
Supplementary Material S2 presents the complete output.

5 Discussion

The interpretation of the results presented in Section 4 will be
discussed within the latent classes identified in the LCA model and
within the latent traits observed for the IRT model.

Frontiers in Digital Health 07
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5.1.1 Latent class 1—active treatment, moderate
engagement

Disease impact on daily life—patients under active treatment,
mainly chemotherapy + (56.9%) but also radiotherapy and
surgery. It is highly likely (84.6%) that patients in this group
will not report side effects from their treatment. However,
from a medical perspective, these types of treatment almost
always lead to some degree of side effects. Most likely, this
patient group experienced side effects but did not mention
them. In addition, nearly half have disease progression with
standard of care (SoC) treatment (49.7%). Two-thirds of the
patients in this group are likely to report that the disease
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FIGURE 4
Probability of latent class membership (source: SPSS). Black line, LC 1; red line, LC 2; green line, LC 3.

TABLE 4 Estimated conditional probabilities for latent class 1.

Region

Therapy type

Offered trial

Motivation

Appointment dislike part
Side effects

Progress treatment

Time to discuss treatment

Appointments per month

Financial impact

TABLE 5 Estimated conditional probabilities for latent class 2.

Region
Therapy type
Offered trial

Motivation

0.333

0.238

0.286

Appointment dislike part
Side effects

0.333

Progress treatment

Time to discuss treatment

0.143

Appointments per month

Financial impact

0.286

causes a moderate financial impact on their lifestyle (68.4%).
Also, most members of this latent class (61%) are likely to be
dissatisfied with organizational-related issues.

o Healthcare engagement—patients in this class spend low to
moderate amounts of time discussing treatment with their
physician. Patients in this group have not been offered the

Frontiers in Digital Health

chance to join a clinical trial (93.2%) or receive an alternative

therapy. They are motivated to join a trial for survival (44.7%)
but also to find a cure and improve the quality of their life.

« Logistical challenges—most members of this group make
moderate numbers of visits (2-5) per month, with an average
appointment time between 60 and 120 min and are likely to
report a moderate commute time.

Patient-centric suggestions based on the observed patient
feasibility latent traits:

This latent class represents mainly German patients who can
benefit from improved organizational treatment aspects such as
schedules, a
appointments per month, and the provision of some form of

more optimized visit reduced number of
travel assistance.

Individuals in this class seek to join clinical trials to improve
their chances for survival, but their physicians seem to have a very
limited awareness of such options. An improved clinical trial

design targeting this group would need a robust outreach program,
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TABLE 6 Estimated conditional probabilities for latent class 3.

10.3389/fdgth.2024.1378497

Region 0.462 — — - — — — |
Therapy type 0028 - 0.014 0.018 — 0.237 00se 048
Offered trial — — — — —
Motivation 0.056 — — — —

Appointment dislike part

Side effects

Progress treatment

Time to discuss treatment

Appointments per month

Financial impact

an information campaign, and support from patient organizations to
improve awareness. Providing additional educational materials and
counseling to patients with disease progression can improve their
emotional experiences and reduce anxiety.

The observations presented in this class are consistent with
previous studies (19) that highlighted the importance and impact
of palliative care and especially the efficacy of care delivery in
glioblastoma patients with progression. Furthermore, Preusser
et al. focused on the impact that a tailored strategy for symptom
and complication management can have on the perceived quality
of life of these patients (20).

5.1.2 Latent class 2—early diagnostics, low

engagement

« Disease impact on daily life—this group exclusively represents
patients whose active therapy has not started yet; therefore,
they have not experienced any side effects yet. However, a
small number of these individuals (27.6%) report evidence of
disease progression. Most patients experience no financial
impact on their lifestyle yet. A third of the patient population
in latent class 2 are dissatisfied with the diagnostic process.

o Healthcare engagement—the majority of patients (85.7%) in this
pre-treatment phase reported very low healthcare engagement
with their physician and a lack of sufficient information. A
very low proportion (23.8%) of the patients in latent class 2
are offered the chance to join a clinical trial but they actively
seek participation to improve their chances of survival
(52.4%), find a cure (28.6%), and improve their quality
of life (19%).

» Logistical challenges—limited, as the active treatment has not
started yet.

Patient-centric suggestions based on the observed patient
feasibility latent traits:

Clinical trial design for patients in the early diagnostics phase
should focus on
interactions between healthcare providers and patients. This can

creating more meaningful and helpful

include extended consultation times and more detailed treatment
discussions. Similar to the previous latent class, there is very
limited awareness among these patients about the opportunities
for joining a clinical trial, which can be improved through pre-
trial advertising campaigns and support from advocacy groups.

Frontiers in Digital Health

Although there have been few studies exploring the
perspectives of newly diagnosed glioblastoma patients, the
observations pertaining to latent class 2 are consistent with the
findings of authors such as Fritz et al. (21), who pinpointed the
role of care planning, especially in the newly diagnosed patient
setting. Furthermore, our findings in this class are in concert
with the role of speed in starting glioblastoma treatment and the
underlying patient motivation of improving survival chances
underlined by Sun et al. (22).

5.1.3 Latent class 3—active treatment, high

engagement

o Disease impact on daily life—patients under active treatment,
mainly chemotherapy + (56.9%) and surgery (23.7%). Very high
probability of experiencing side effects (82.1%). Prevalence of
people without disease progression (43.1%) and patients with
disease progression under SoC treatment (31.4%). Notably,
15.3% of the individuals experience disease progression but
have not been offered a treatment. The majority of these
patients are dissatisfied with treatment-related aspects. The
financial impact is none to medium, although some members
report a severe financial burden (11.2%).

o Healthcare engagement—patients in this class exhibit the
highest levels of engagement compared with the other two
classes. They report longer times discussing treatment with
their physician, and more than half have been offered the
chance to join a clinical trial (52.5%). Their main motivation
is to improve their survival chances (44.5%) and find a cure,
but place a slightly higher probability on improving the
quality of life, compared with the other classes.

« Logistical challenges—this patient class is associated with the
highest frequency of monthly visits with their physician,
longer commute times, and longer appointment durations.

Patient-centric suggestions based on observed patient feasibility
latent traits:

This class represents the majority of patients under active
therapy. Most of them experience side effects and report
dissatisfaction with treatment-related aspects, including a slower
recovery, pain or discomfort, and a deterioration in sleep quality.
Clinical trial design can be improved to address these side effects
by providing robust patient assistance, personalized support

services, and easier access to specialists. Implementing a
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TABLE 7 Hybrid IRT models results—summary.

(A) 2PL analysis

Revd_Therapy Discrim (a) Diff (b)
Coef. 33.7215 0.7392
P>z 0.1730 0.0000
Offered_Trial
Coef. 0.7276 0.7399
P>z 0.0090 0.0390
Side_Effects
Coef. 1.5871 —0.1324
P>z 0.0000 0.4330
Off_Treatment
Coef. 12.2257 0.9345
P>z 0.0000 0.0000
Disease_Prog
Coef. 0.8514 0.1351
P>z 0.0020 0.5880
(B) GPCM analysis
Time_Physi~n Discrim (1) Diff (b) 2vs. 1 3vs. 2
Coef. 0.7807 0.1684 1.3527
P>z 0.0000 0.5750 0.0010
Appt_Time 2vs. 1 3vs. 2
Coef. 1.8165 —1.0918 1.2037
P>z 0.0000 0.0000 0.0000
Appt_Count 2vs. 1 3vs. 2
Coef. 2.7131 —0.8843 0.6631
P>z 0.0000 0.0000 0.0000
Commute 2vs. 1 3vs. 2
Coef. 1.0594 —2.5189 1.8438
P>z 0.0010 0.0000 0.0000
Fin_Impact 2vs. 1 3vs.2
Coef. 0.1688 —0.8205 9.0649
P>z 0.3000 0.5620 0.2970
(C) NRM analysis
Region Discrim (a) 2vs. 1 Diff (b) 2vs. 1
Coef. —0.2315 0.2646
P>z 0.2850 0.7550
Therapy_Type Discrim (a) 2vs. 1 3vs. 1 4vs. 1 5vs. 1 6vs. 1 7 vs. 1 8vs. 1
Coef. —35.6284 —6.4819 —2.7591 —2.6149 —0.5311 —4.2640 —1.6578
P>z 0.1480 0.5680 0.1620 0.2060 0.7260 0.1210 0.2740
Therapy_Type Diff (b) 2vs. 1 3vs. 1 4vs. 1 5vs. 1 6vs. 1 7 vs. 1 8vs. 1
Coef. —0.5544 —0.0059 0.7613 0.7955 4.8890 0.4789 2.7006
P>z 0.0000 0.9940 0.0900 0.1080 0.6710 0.2660 0.1230
Motivation Discrim (a) 2vs. 1 3vs. 1 4vs. 1 Diff (b) 2vs. 1 3vs. 1 4vs. 1
Coef. —0.0622 0.0448 0.4384 —8.3240 16.3997 5.5522
P>z 0.7990 0.8670 0.5240 0.8000 0.8670 0.4990
App_Dislike Discrim (a) 2vs. 1 3vs. 1 Diff (b) 2vs. 1 3vs. 1
Coef. 0.8433 0.7648 —0.7604 —0.6778
P>z 0.0040 0.0100 0.0470 0.0950
Off_Treat_~s Discrim (a) 2vs. 1 3vs. 1 Diff (b) 2vs. 1 3vs. 1
Coef. 14.5399 15.5584 1.1990 1.2610
P>z 0.0000 0.0990 0.0000 0.0000
Progress_T~t Discrim (a) 2vs. 1 3vs. 1 4vs. 1 Diff (b) 2vs. 1 3vs. 1 4vs. 1
Coef. —-1.1737 —0.2381 -1.7816 1.7037 1.5969 1.3659
P>z 0.1180 0.7770 0.0200 0.0230 0.6570 0.0010

monitoring system to identify further side effects and disease  the others, the clinical trial design still needs to increase
progression early can improve the patient experience and  awareness significantly.

minimize the burden on mental health. Although these group The logistical challenges can be improved through more
members have a higher probability of joining a clinical trial than  flexible visit schedules to minimize discomfort, especially for
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patients experiencing side effects. Implementing technologies for
remote monitoring and video conferencing might also reduce the
need for patients to travel for certain evaluations.

Contrary to the initial expectation, “motivation” follows the
same probability distribution across all latent classes, suggesting
that it has limited informative power on improving patient
feasibility compared with the other observed variables. To
explore what the most informative variables are and how they
discriminate and relate to individual patients, the study employs
the NRM from the IRT framework.

The findings and interpretations of latent class 3 show a group
of people with high scores throughout all three latent traits,
indicating a developed experience within the glioblastoma
treatment. Patients in this group are generally dissatisfied with
the treatment objectives and are actively seeking alternative
options. These findings are consistent with previous studies
highlighting patterns and disparities of care in glioblastoma,
especially the influence of patient motivation (23). Furthermore,
pertaining to the high score of healthcare engagement present in
this class, Musella et al. (24) further defined the crucial role of
shared decision-making for glioblastoma patients.

5.2 Hybrid IRT

5.2.1 Disease impact on daily life
Difficulty
statistically insignificant; therefore, this item is not informative

* Region: and discrimination parameters are
about the different levels of disease impact.

« Received therapy: The discrimination parameter is notably high
but lacks statistical significance (p=0.173). However, a
substantially positive difficulty parameter of 0.73919 that is
highly significant indicates that individuals who experience a
higher disease impact are more likely to have received therapy.

o Therapy type: All discrimination parameters for the different
therapy types are statistically insignificant. This suggests the
response to this question does not effectively differentiate
patients with regards to different levels of disease impact on
their life, as the majority of them are treated with different

forms of standard of care.

Despite the lack of discrimination, two therapy types (2 and 4)
are statistically significant, meaning the item is still relevant for
assessing the specific characteristics that affect disease impact for
patients under different treatments. In practical terms, this
signifies that the question can be worded better or the
categorization should be revised.

o Side effects and disease progression: The discrimination
parameter for both questions is relatively high and statistically
significant, implying that these items effectively distinguish
between individuals based on the level of disease impact on
their life. The difficulty parameters lack statistical significance,
suggesting that patients easily discern whether the presence of
side effects or disease progression impacts their daily life.

o Disease progression treatment: The negative statistically
significant discrimination coefficient for level 4 (no disease
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progression) indicates that the item effectively shows that the
lack of disease progression implies a lower disease impact on a
patient’s life. On the other hand, the statistically significant
difficulty parameters suggests that patients with different
forms of disease progression have varying levels of perceived
disease impact on their life.

o Appointment dislike part: Discrimination and difficulty
parameters are significant between levels 2 and 3 compared
with level 1. These variations indicate that this question is
highly relevant and meaningful for capturing the perceived
impact of the disease on the patient’s lifestyle.

o Taken off treatment: This a high
discrimination parameter with statistical significance. The
substantially positive difficulty parameter (0.934464, z=8.34)
indicates a robust connection between higher levels of

item demonstrates

perceived disease impact and a significantly increased
likelihood of being taken off treatment due to side effects.

o Off-treatment options: There is substantial discrimination
between levels 2 and 3 compared with level 1, supported by
statistically significant difficulty parameters. These distinctions
imply that the question effectively discriminates between
patients under different off-treatment options. In addition, the
item is informative about how different off-treatment options
affect the perceived level of the latent trait (disease impact).

o Financial impact: Displays a

statistically  insignificant

discriminative ability, suggesting limited effectiveness in
differentiating individuals based on the latent trait. The
lack

indicating uncertainty regarding the association between

difficulty parameters also statistical ~ significance,

different levels of the disease impact and financial impact.

Examining disease impact as a latent trait shows that the

questions regarding the presence of side effects, disease
progression, the availability of treatment options for patients with
side effects, and disease progression, as well as the reported
dissatisfaction with various treatment aspects, can provide
valuable insights into how to improve patient feasibility.

The item “received therapy type” also indicates a relevance to
the level of disease impact; however, the question format or the
data categorization must be revisited. On the other hand, the
patient’s country of origin and the financial impact do not seem
to capture the important aspects associated with the perceived

level of the latent trait (Figure 5).

5.2.2 Healthcare engagement

o Time for discussing treatment: Displays moderate
discrimination, suggesting the effectiveness of this question in
discerning individuals based on their levels of healthcare
engagement. The relatively high and statistically significant
difficulty parameter for comparison between levels 3 and 1
(1.3527) provides evidence that patients who spend more time
discussing treatment options with their physicians have higher
healthcare engagement.

o Offered the chance to join a clinical trial: The discrimination
parameter is moderate and statistically significant (p =0.009),

suggesting there is an association between higher healthcare
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Characteristic Curves

14
=
3
g 5
[
o
0
-4 -2 0 2 4
Theta
Pr(Time_Physician=2) Pr(Time_Physician=3)
Pr(Offered_Trial=1)
FIGURE 6

ltem characteristic curves of selected items in the healthcare engagement trait.
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engagement and an increased likelihood of being offered a
trial. The positive difficulty parameter (0.739933) reinforces
this relationship.

o Motivation: No clear discriminatory patterns are observed
across different levels of motivation regarding the limiting
factors This result lends
statistical support to the finding in the latent class analysis

in motivation and treatment.
that the variable motivation is not informative as a
measurement for patient feasibility within the current study.

The data seem to support the notion that longer patient-
physician interactions lead to higher healthcare engagement.
Spending more time with their physicians to discuss treatment
allow patients to gain a better understanding of their treatment
options and risks, allowing for more informed decision-making.

Frontiers in Digital Health

It also builds trust, improving the adherence to prescribed
treatment plans (Figure 6).

A patient’s motivation to join a trial does not seem to affect
their levels of engagement. However, data suggest that the
opportunity to join a trial is of significant importance. Access to
trials can contribute to higher levels of engagement because
patients seek to improve their survival chances with novel
and benefit from contact with highly
their

treatment options

experienced healthcare professionals, regardless of

motivation (Figure 6).

5.2.3 Logistic challenges
5.2.3.1 Appointment duration
Appointment duration exhibits a substantial discriminative ability

with high significance (1.8165), effectively differentiating
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Boundary characteristic curves for selected items in the logistic
challenges trait

individuals based on the perceived logistical challenges. The
negative difficulty parameters for comparisons 2 vs. 1 and
positive parameters for 3 vs. 2 suggest that a medium
appointment duration is not perceived as a meaningful logistic
challenge, but further increases in the appointment time are
associated with a higher patient burden (Figure 7).

5.2.3.2 Appointments per month

Results showed that appointments per month has a high
discriminative ability, indicating the effectiveness of this question in
differentiating individuals based on perceived logistical challenges.
There are similar changes in the latent trait across appointment
count levels, supported by the negative difficulty parameter for
comparison 2 vs. 1 and the positive parameter for 3 vs. 2.

5.2.3.3 Commute

Commute duration demonstrates moderate discrimination,
effectively distinguishing individuals based on the perceived
The

comparison 2 vs. 1 and positive parameter for 3 vs. 2 implies

logistic ~ challenges. negative difficulty parameter for
changes in the latent trait across varying commute durations
(Figure 7).

The observed findings in the IRT analysis demonstrate a purely
patient-derived picture of the perceived disease burden, experienced
logistical challenges pertaining to treatment, and the quality of the
engagement patients have with the healthcare system. These
findings are conclusive, with other studies reporting a significant
disparity between expert-reported and patient-reported disease
rankings, such as the study by Broekharst et al. (25). The
described findings in this section can potentially shed light on the
quality of care for glioblastoma with standard of care treatment
outside of the patient feasibility model proposed in this study.
Such implications have also been observed by Banerji et al, in
which the patient-reported burden of hereditary angioedema is
presented as a flexible construct that seems to change after

interventions such as prophylactic treatment (26).
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5.3 Advantages and limitations

5.3.1 Advantages

LCA and interval response theory are two statistical methods
commonly used in patient-reported outcomes and patient
surveys. LCA is a valuable tool for identifying distinct subgroups
within a sample, which can aid in risk stratification and
treatment response prediction (27).

Studies have successfully applied LCA to classify patients into
different phenogroups based on outcomes after surgeries such as
mitral valve surgery (27, 28). This approach allows for a more
personalized understanding of patient responses and outcomes.

On the other hand, interval response theory, as demonstrated
in previous studies (29), provides a method for capturing richer
information by allowing respondents to provide interval-valued
responses. This can be particularly useful in scenarios in which
respondents may have difficulty providing precise single
responses, as it allows for a range of values to be considered
(29). By incorporating interval responses, more nuanced data can
be obtained from patients.

Although not new, LCA and IRT statistical models have the
power to use mixes of ordinal and nominal data, which are
essential parts of data collection tools such as patient surveys. By
harnessing the impact of IRT models, the importance and
nuance within different patient-reported outcomes can be
elaborated and the discriminating power of different data
collection items (e.g., survey questions) can be evaluated.

In essence, while the IRT model provides a comprehensive
overview of the item characteristics and latent traits observed, the
latent classes from the LCA add a layer of contextual
understanding that makes the surfaced insights actionable for a
specific patient subgroup (30).

5.3.2 Limitations

Although the previously mentioned models offer valuable
advantages, it is also important to acknowledge their limitations.
LCA and IRT models rely on certain assumptions, such as the
unidimensionality and local independence of items, which may
not always hold true in complex real-world scenarios (31).

In addition, the interpretation of latent classes and traits
derived from these models requires careful consideration, as the
results are based on statistical patterns and may not always align
perfectly with clinical or practical significance. A mention in this
context is the active treatment-moderate engagement class in this
No side effects
radiotherapy were reported within the group; however, these

study. resulting from chemotherapy and
patients most likely experienced some degree of side effects but
probably did not mention them in the survey.

Furthermore, the generalizability of the identified latent classes
and traits to broader patient populations should be approached with
caution, as the specific characteristics of the sample under study
may not be fully representative of other populations. Another
limitation is the impracticality of applying statistical parameters
from LCA models to individual new patients, which has been
noted as a limitation in clinical situations (32). In addition, the
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use of IRT models may be limited by the number of cases and
features used to derive clusters, potentially impacting the
reproducibility and generalizability of the findings (33).

Another potential limitation of this study is the application of
the IRT model to the whole dataset rather than within each latent
class. In its current form, the IRT is applied to the whole dataset
to streamline the modeling process due to the complexity of the
patient survey responses. Although this approach provides
broad insights into item characteristics and latent traits, it may
overlook important subgroup-specific differences in item
parameters that could lead to less precise insights. Future
improvement in this regard would be the incorporation of
Likert-type responses that would introduce a standardized
measurement scale across all items (34). This would create a
prerequisite for using more complex analysis by integrating IRT

within each latent class (35).

5.4 Future applications

A potential future application of the combined use of IRT and
LCA like the presented framework is the development of more
advanced disease burden scores, especially when combined with
ML mechanisms. An example of this would be the study by
Teunissen et al. (36), who utilized computerized adaptive testing
based on IRT for the patient evaluation measure in individuals
undergoing cubital tunnel syndrome surgery. By harnessing IRT,
the study reduced the patient burden while increasing the
construct validity, highlighting the efficiency and accuracy of IRT
in assessing disease burden in clinical settings.

6 Conclusion

Patient feasibility as a concept at the crossroad of LCA and IRT
analysis represents a promising tool for investigating qualitative
latent traits and patterns within cohorts of patient data. Through
LCA, prominent latent classes are outlined, whereas IRT provides
more granular insight into the nuance within the patient
responses. These tools can create analytical frameworks that
uncover not only the latent traits and patterns within patient
data but also the behavioral drivers that shape them.
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