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Abstract

Background: Traditional healthcare models have evolved to increasingly recognize patients perspectives as key to improving
the quality of care, especialy in oncology. In such, Patient-Centered Measures (PCMs), including Patient-Reported Outcome
Measures (PROMs) and Patient-Reported Experience Measures (PREMS), can enhance Patient-Healthcare Provider (HCP)
communication while facilitating individualized care. This tailored approach not only improves patient outcomes but also
underscores the importance of research methodologies that actively account for variability in patient experiences, especialy
across different sociodemographic and clinical backgrounds. However, identifying PCMs in clinical research has traditionally
been time-consuming.

Objective: We hypothesized that Artificial intelligence (Al) could automate and accelerate this identification. We conducted a
study that aimed to estimate the proportion of clinical studies that included PROMSPREMS, using either a traditional expert-
based identification method or an Al-enriched approach.

Methods: In a retrospective cross-sectional study using the Clinical Trial.gov database, we focused on oncology studies between
2012 and 2022. Two methods were assessed for identifying PROMSPREMS: i) a traditional expert-based method, where an
algorithm identified PROMS/PREMS from a list of 346 oncology-specific PROMS/PREMs (extracted from the PROQOLID™
database, Mapi Research Trust) and/or 11 PROMSPREMs-specific terms; and ii) an Al-enriched method using a Bidirectional
Encoder Representations from Transformers (BERT) model, trained on 2,399 outcomes labeled by experts. To evauate the
performance of the algorithms, we compared the results returned by each method to the gold standard (expert decision). Each
study was classified as reporting using (or not) at least one PROM/PREM and was described accordingly (logistic regression).
To better identify which PROMS/PREMs were the most frequently used in clinical research, a Named Entity Recognition (NER)
model was then used.

Results: A total of 24,491 studies were included. According to the traditional expert-based algorithm, 7,549 studies (31%) used
at least one PROM/PREM, as compared to 8,029 studies (33%) identified by the Al-enriched algorithm, increasing from 2012 to
2022 (Chi-sguared test, p<0.001). With 90% accuracy, the Al-enriched algorithm outperformed (Chi-squared test, p<0.001) the
traditional algorithm (83%) in identifying PROMS/PREMSs. Breast and digestive cancers accounted for nearly 50% of al
oncology studies using PROMs/PREMs, with the EORTC QL Q-C30 being the most frequently used. As expected, phases 2 to 4
trials more frequently included PROMS/PREMSs than preclinical or early-phase 1 studies (OR[95% Cl]=1.8[1.1-2.8] for phase 2;
3.6[2.3-5.8] for phase 3; 2.6,[1.6-4.4] for phase 4). In observational studies, cross-sectional and prospective studies incorporated
PROMSPREMs three times more frequently than retrospective studies (OR[95% CI]=4.6[3.3-6.4] and 3.2[2.5-4.1],
respectively).

Conclusions: Both approaches relied on human expertise; however, the one that involved training Al has proven to be more
effective than the traditional method in identifying PROMS/PREMs in clinical studies. Future studies should explore the
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applicability of this approach to a broader field of pathologies and assess its applicability to other additional open-access
databases. Clinical Tria: NA
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Abstract (457 words)

Background and objective. Traditional healthcare models have evolved to
increasingly recognize patients perspectives as key to improving the quality of care,
especially in oncology. In such, Patient-Centered Measures (PCMs), including Patient-
Reported Outcome Measures (PROMs) and Patient-Reported Experience Measures
(PREMs), can enhance Patient-Healthcare Provider (HCP) communication while
facilitating individualized care. This tailored approach not only improves patient
outcomes but also underscores the importance of research methodologies that actively
account for wvariability in patient experiences, especially across different
sociodemographic and clinical backgrounds. However, identifying PCMs in clinical
research has traditionally been time-consuming. We hypothesized that Artificial
intelligence (Al) could automate and accelerate this identification. We conducted a
study that aimed to estimate the proportion of clinical studies that included
PROMs/PREMs, using either a traditional expert-based identification method or an Al-
enriched approach.

Material and Methods. In a retrospective cross-sectional study using the
ClinicalTrial.gov database, we focused on oncology studies between 2012 and 2022.
Two methods were assessed for identifying PROMs/PREMs: i) a traditional expert-based
method, where an algorithm identified PROMs/PREMs from a list of 346 oncology-
specific PROMs/PREMs (extracted from the PROQOLID™ database, Mapi Research Trust)
and/or 11 PROMs/PREMs-specific terms; and ii) an Al-enriched method using a
Bidirectional Encoder Representations from Transformers (BERT) model, trained on
2,399 outcomes labeled by experts. To evaluate the performance of the algorithms, we
compared the results returned by each method to the gold standard (expert decision).
Each study was classified as reporting using (or not) at least one PROM/PREM and was
described accordingly (logistic regression). To better identify which PROMs/PREMs were
the most frequently used in clinical research, a Named Entity Recognition (NER) model
was then used.

Results. A total of 24,491 studies were included. According to the traditional expert-
based algorithm, 7,549 studies (31%) used at least one PROM/PREM, as compared to
8,029 studies (33%) identified by the Al-enriched algorithm, increasing from 2012 to
2022 (Chi-squared test, p<0.001). With 90% accuracy, the Al-enriched algorithm
outperformed (Chi-squared test, p<0.001) the traditional algorithm (83%) in identifying
PROMs/PREMs. Breast and digestive cancers accounted for nearly 50% of all oncology
studies using PROMs/PREMs, with the EORTC QLQ-C30 being the most frequently used.
As expected, phases 2 to 4 trials more frequently included PROMs/PREMs than
preclinical or early-phase 1 studies (OR[95% CI]=1.8[1.1-2.8] for phase 2; 3.6[2.3-5.8]
for phase 3; 2.6,[1.6-4.4] for phase 4). In observational studies, cross-sectional and
prospective studies incorporated PROMs/PREMs three times more frequently than
retrospective studies (OR[95% Cl]=4.6[3.3-6.4] and 3.2[2.5-4.1], respectively).
Conclusion. Both approaches relied on human expertise; however, the one that
involved training Al has proven to be more effective than the traditional method in
identifying PROMs/PREMs in clinical studies. Future studies should explore the
applicability of this approach to a broader field of pathologies and assess its
applicability to other additional open-access databases.

Trial Registration: NA

Keywords: Clinical trials; Patient-reported outcome measures; Patient-reported
experience measures; Artificial intelligence-based research; Expert-based research;
Oncology; Research on research.
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Introduction

Traditional models in healthcare have evolved to increasingly recognize patients
perspectives as key to improving their quality of services [1]. Data collected from
Patient-Centered Measures (PCMs) made this shift possible [2]. PCMs refer to widely
used and studied tools, such as Patients-Reported Outcome (PROMs) or experience
(PREMs) measures [3], which constitute relevant information collected directly from
patients to better understand and address what matters the most to them [2,4]. In their
day-to-day practice, healthcare providers (HCP) may collect PCMs for various purposes
such as screening, monitoring, evaluating care, or collecting side effects of treatments
as well as to help in the decision-making process [5]. These measurements are added
to biological measures and clinician-based outcomes, such as physical examination, to
better plan patient care.

PROMs are standardized questionnaires that collect information about health outcomes
directly from patients—such as symptoms, functional status, Health-Related Quality of
Life (HRQoL), or mental well-being—without amendment or interpretation by a clinician
or anyone else, and measure them in a quantitative manner at a specific timepoint.
[6,7]. Originally developed in research studies, PROMs applications are now diversified
and used in supporting clinical decision-making, assessing treatment benefit in drug
trials, prioritizing patients for surgical procedures, comparing outcomes among HCPs,
stimulating HRQoL improvement, and evaluating practices [8-10]. There are two main
categories of PROMSs: i) generic and ii) specific ones (including both condition-specific
and concept-specific). Generic PROMs measure concepts relevant to a wide range of
patients, enabling comparisons across different conditions. For example, the EQ-5D
questionnaire [11,12] measures five dimensions of health: mobility, self-care, usual
activities, pain/discomfort, and anxiety/depression. Each dimension is assessed using a
set of severity levels, initially comprising 3 levels (EQ-5D-3L) and expanded to 5 levels
in the updated 2010 version (EQ-5D-5L), notably to improve sensitivity and reduce
ceiling effect [12]. Specific PROMs, on the other hand, measure concepts relevant to a
particular patient group or condition. For instance, the EORTC QLQ-C30 questionnaire
measures HRQoL specifically in patients with cancer (condition-specific) [13], while the
Fatigue Severity Scale (FSS) evaluates the concept of fatigue (concept-specific) [14].
Besides this core common questionnaire for all cancer patients, additional modules
have been developed from it to measure symptoms and outcomes specific to different
cancers. Examples include the EORTC Quality of Life Questionnaire - Lung Cancer
Module (EORTC QLQ-LC13) or the Head and Neck Cancer Module (EORTC QLQ-H&N35)
[15,16]. For the sole field of cancer, more than 300 PROMs have already been
identified.

In contrast to PROMs, PREMs focus on patients experience, and emerge as a favored
metric for assessing healthcare quality, such as the validated Kidney PREM
questionnaire [17]. PREMs assess common information about patients satisfaction with
service delivery in a clinical setting or describe patients experiences with a therapy or a
plan of care [4]. Like the United-States Food and Drug Administration (FDA), other
public health authorities in Europe, such as the Haute Autorité de Santé (HAS) in
France, have recently added PROMs/PREMs to their list of care quality and safety
indicators to encourage their use in clinical trials [18-20]. However, there is no
established consensus regarding the way to name PROMs/PREMs. This makes their
identification particularly challenging. New tools based on natural language processing
(NLP) may be useful in this setting [21]. Overall, it appears essential to develop a
solution for identifying and tracking the use of PROMs/PREMSs in clinical research, both
in terms of their frequency of inclusion in studies and the types of instruments selected.
We hypothesized that an Artificial Intelligence-enriched algorithm would outperform an
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expert-based algorithm in identifying PROMs/PREMs used in clinical research. Here, we
report the results from a cross-sectional study that aimed to estimate the proportion of
oncology clinical studies incorporating PROMs/PREMs and to examine the
characteristics associated with these studies, using either a traditional expert-based
method or an Al-enriched approach.
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Material and Methods

Recruitment, data sources, and study design

To be included, studies had to be available in the open access ClinicalTrials.gov
database, set in the oncology field, with a study start date between 01/01/2012 and
12/31/2022 and to contain at least one outcome described. Studies that contained no
outcome description were therefore excluded.

Identifying PROMs/PREMs

To identify PROMs/PREMs, two different techniques were assessed: i) an expert-based
algorithm and ii) an Al-enriched algorithm.

Expert-based algorithm

1- A list of 346 PROMs/PREMs used in oncology, including both their full names and
acronyms, was extracted from the Patient-Reported Outcome and Quality of Life
Instruments Database (PROQOLID™);

2- Moreover, two distinct groups of experts set up a list of terms related to
PROMs/PREMs for the purpose of the present study. The experts then reached a
consensus, resulting in a final list of PROMs/PREMs-related generic open terms. PROM-
specific terms were: quality of life, qol, patient-reported outcome, psychometric,
patient perspective, questionnaire, health related quality of life, and hrql. PREM-specific
terms were: satisfaction, experience, and quality of care;

3- Using the ctrialsgov R package, studies were extracted from
ClinicalTrials.gov.

4- Based on the expert-based algorithm, PROMs/PREMs and specific terms
were specifically searched within the outcome descriptions available in the
dataset.

5- To assess the effectiveness of this method, 1% of the identified studies
were randomly selected. Pairs of experts independently reviewed each
selected study to verify whether the PROMs/PREMs identified by this method
were present and relevant.

Al-enriched algorithm

1- Data Collection: Using Bidirectional Encoder Representations from Transformers
(BERT) [22], a text classification model was built. Texts from outcomes descriptions that
were already labeled by pairs from our expert team as containing or not PROMs/PREMs
were used. They were then segmented into three distinct subsets: a training, a
validation, and a test subset, representing 60%, 13%, and 27% of the corpus,
respectively; Finally, 2,399 outcomes were used for training, 479 for validation, and
1,065 for performance calculation;

2- Data encoding: using BERT Tokenizer [22], each word or textual element was
converted into a token, which was then encoded as a fixed-length numerical vector of
512. This numerical vector captured the semantic and contextual information within the
texts;

3- Training: Model training was conducted using the Trainer from the Transformers
library developed by Hugging Face [23]. During training, multiple models were
generated by adapting batch size and learning rate to get the best performance;

3- Testing and Evaluation: Every generated models were evaluated using the associated
test subset. The performance of each model was assessed using the following metrics:
accuracy, recall, and F1 score. These metrics gauged the model ability to correctly

https://preprints.jmir.org/preprint/84533 [unpublished, non-peer-reviewed preprint]
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classify texts into their respective categories. The best model was selected based on its
accuracy score.

Evaluating the performances of algorithms

To evaluate their performances (accuracy, sensitivity, specificity, and precision), the
results obtained by each algorithm were compared to a dataset of outcomes labeled
manually by experts (reference set). Eight pairs of experts were randomly assigned a
subset of outcomes to label. Each member of the pair did not know who their partner
was and did not know what label was given by the other member of the pair. Outcomes
were sampled to balance the number of positive and negative outcomes to be checked
between the eight pairs: 2,570 positive outcomes (i.e. 15% of total positive outcomes)
and 2,228 negative outcomes (i.e. 2% of total negative outcomes), as initially
determined by the expert-based algorithm. Thus, a total of 4,798 outcomes through
892 studies were labeled by the 8 pairs of experts. Finally, the pairs met to reach a
consensus in case of disagreement.

Describing the studies using PROMs/PREMs

Each study was classified as using at least one PROM/PREM or not. As observational
and interventional studies carried out different characteristics, the analyses were
stratified according to the type of study. We used multivariate logistic regression
analysis to investigate potential associations between the use of PROMs/PREMs
adjusted to other characteristics: cancer site, intervention type, clinical trial phase,
randomization type, model type, and time perspective.

Recoding cancer sites

The ClinicalTrials.gov database returns a wide variety of namings for cancer sites, even
for the same cancers, as this field is an open-label one. Cancer sites had to be recoded
in order to enhance the homogeneity and accuracy of the data. First, a k-means
clustering [24] was used to group the cancer sites based on the similarities between
namings for each clinical study. The 10 most recurrent words in each cluster were
identified for naming each cluster. The cluster names (cancer sites) were then used in a
subsequent few-shot classification task, using the setfit model from Hugging Face [25].
For each cancer site, eight representative sentences were carefully selected from the
dataset, which were used to create a final set of 116 texts. This dataset was used to
train a text classification model, which was then applied to classify all the cancer sites
in the dataset. The final model presented an accuracy of 96% for classifying cancer
sites.

Identifying the most frequently used PROMs/PREMs

Although the main Al-enriched algorithm was designed to detect if a PROM/PREM was
used or not, it was not designed to state which PROM/PREM it was referring to. To
identify which very PROMs/PREMs were the most frequently used in clinical research,
we used a Named Entity Recognition (NER) model called SKEP'IA®, that we had
previously developed and patented. This model can recognize any PROM/PREM within a
text, whether they are presented in full text or as an acronym and can suggest relevant
ones based on textual descriptions. SKEP'IA® was developed by using labeled data
collected from both ClinicalTrials.gov and PubMed. However, the absence of a
standardized and official naming system for each PROM/PREM presented a challenge in
determining the most commonly used ones, representing a limitation in the exclusive
use of the SKEP’IA model. To address this issue, we implemented a text similarity
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search approach using the PROQOLID™ database. Thus, the PROMs/PREMs identified by
SKEP'IA® were compared to the list of PROMs/PREMs previously captured from the
PROQOLID™ database by calculating text similarity between them. Finally, we
combined both the NER model and the text similarity search in the PROQOLID™
database.

Statistical analysis

Statistical analyses were performed using R studio software, version 4.4.2. Descriptive
statistics were used to illustrate the use of PROMs/PREMs in registered clinical studies.
Characteristics of the studies were presented by their numbers and proportions.
Proportions were compared bivariately using a Chi-square test. Year-over-year trends in
the use of PROMs/PREMs were described. A multivariate logistic regression analysis was
used to investigate possible associations between the use of PROMs/PREMs and study
characteristics, by subgroups of interventional or observational studies. The variables
included in the models were those obtained from the Clinicaltrial.gov database and
considered relevant to the study. The Odds Ratios (OR) were presented using forest-
plots, and statistical significance for each predictor was assessed using Wald tests. A p-
value <0.05 was considered as reflecting statistical significance.

https://preprints.jmir.org/preprint/84533 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Soyer et d

Results

From the selection of studies to PROMs/PREMs identification

Between 01/01/2012 and 12/31/2022, a total of 28,034 studies in oncology were found
in the ClinicalTrials.gov database, including 24,491 with at least one outcome described
(Figure 1A). According to the expert-based algorithm, 16,954 outcomes using
PROMs/PREMs were found from 7,549 studies, meaning that out of the 24,491 eligible
oncology studies, 31% used at least one PROM/PREM (Figure 1B). It exerted an 83%
accuracy, an 86% sensitivity, and an 81% specificity (Table 1). The Al-enriched
algorithm identified 8,029 studies that used at least one PROM/PREM, representing 33%
(Figure 1C). It exerted a 90% accuracy, a 91% sensitivity, and an 89% specificity (Table
2). Therefore, the Al-enriched algorithm performed better (Chi-squared test, p<0.001)
than the expert-based algorithm in identifying PROMs/PREMs in oncology studies. The
following results present the characteristic of studies identified based on the Al-
enriched algorithm only. The results obtained using the expert-based algorithm are
available in Supplementary Data.

Trends in PROMs/PREMs use in oncology studies overtime

The analysis of year-over-year trends revealed a steady increase in the proportion of
clinical studies incorporating one or more PROMs/PREMSs, from 27.6% in 2012 to 36.2%
in 2021 (Figure 2).

Characteristics of studies

Table 3 summarizes the characteristics of the 24,491 studies included in the analysis,
stratified on whether they used PROMs/PREMs (n=8,029) or not (n=16,462). Among all
the included studies, 79% (n=19,344) were interventional trials. Focusing on
interventional trials, Phase 2 (27.0%, n=5,228) was the most common study stage,
followed by Phase 1 (13.1%, n=2,536), Phase 3 (8.5%, n=1,650), and Phase 1/2 (7.9%,
n=1,528) to report using PROMs/PREMs. However, missing data regarding trial phases
accounted for 37.7% (n=7,285) of studies. The most frequent allocation type was
randomization, accounting for 44.4% (n=8,586) of interventional studies. The
predominant intervention models were parallel assignment and single-group
assignment, as they represented 48.2% (n=9,330) and 44.5% (n=8,613) of analyzed
studies, respectively. The most common primary purpose of the included studies was
treatment, accounting for 66.2% of cases (n=12,815), followed by supportive care with
10.6% (n=2,058). Among observational studies, the most prevalent observational
model was cohorts, representing 64.0% (n=3,295) of the studies included in the
analysis. In addition, 72.3% (n=3,295) of observational studies were prospective,
making this the most frequently used time perspective.

Among all studies included in the analysis, 32.8% (n=8,029) incorporated at least one
PROM/PREM. Out of those, 84.7% (n=6,800) were interventional, while 15.3%
(n=1,229) were observational. Among interventional studies, Phase 2 and Phase 3 trials
incorporated mostly PROMs/PREMs, representing 19.5% (n=1,323) and 12% (n=814) of
them, respectively. Nevertheless, 55.4% (n=3,767) of interventional studies did not
provide any exploitable data on their clinical phases. Interventional studies
incorporating PROMs/PREMs were mainly randomized (64.7%, n=4,401). The main
interventional models were mainly parallel assignment and single-group assignment, as
they respectively represented 65% (n=4,420) and 29.3% (n=1,994) of studies with
PROMs/PREMs. Treatment (55.7%, n=3,789) and supportive care (24.1%, n=1,638)
were the most primary purposes of interventional studies using PROMs/PREMs. Among
observational studies using PROMs/PREMs (n=1,229), 67.9% (n=835) were cohort
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studies, while 12.7% (n=156) were case-only studies. Considering time perspective,
prospective studies were the most frequent to incorporate PROMs/PREMs, representing
79.8% (n=981) of them.

PROMs/PREMs use by sites of cancer

Proportions of organ-specific oncology studies using at least one PROM/PREM are shown
in Figure 3. Breast and digestive cancers accounted for nearly 50% of all studies using
PROMs/PREMs in oncology. Urogenital, lung, and prostate cancers followed,
representing 8%, 10%, and 11%, respectively, of all studies using PROMs/PREMs in
oncology.

PROMs and PREMs used in oncology studies

Among the 8,029 studies that included at least one PROM/PREM, 4,823 (61.1%) used
one or more of the nine most commonly employed PROMs/PREMs. Among these, the
EORTC QLQ-C30 was the most frequently used PROM/PREM in clinical studies in
oncology. It was utilized in approximately 33.2% (n=1,602) studies included in our
analysis. The FACT-G and the EQ-5D-5L questionnaires were the next most frequently
used PROMs/PREMs, appearing in 15.2% (n=734) and 11.5% (n=552) of the studies
analyzed, respectively (Table 4). Table 5 presents the categories of health dimensions
assessed by the instruments identified across the 4,823 studies that used one or more
of the nine most commonly employed PROMs/PREMs. In 40.7% (n=1,969) of the
identified cases, the PROMs/PREMs focused on care-related patient satisfaction,
followed by organ-specific quality of life (n=783; 16.2%), as well as depression and
anxiety scales (n=441; 9.1%). This distribution results from the zero-shot, multi-label
classification model, which often assigned satisfaction in overlap with quality of life.
The latter was further divided into general and cancer-specific subcategories. No
additional filters based on study type or trial phase were applied to obtain these
proportions.

Figure 4 provides the distribution of the various scales commonly used in identified
clinical studies, categorized by cancer site. Breast and digestive cancers were the most
represented in the use of PROMs/PREMs in oncology studies, accounting for 22% and
20% of cases, respectively. These were followed by prostate (11%), lung (10%),
urogenital (8%), and head and neck cancers (8%). In contrast, hematopoietic (3%),
brain (3%), thyroid (1%), skin (1%), bone (1%), and neuroendocrine cancers (0.4%)
were less frequently studied using PROMs/PREMs, each representing fewer than 5% of
cases.

The use of PROMs/PREMs varied according to several characteristics of studies (Figure
5A). Out of interventional studies, phases 2 to 4 studies were incorporating more often
PROMs/PREMs than pre-clinic or early phase 1 ones (OR[95%CI]=1.8[1.1-2.8] for phase
2; OR[95%CIl]=3.6[2.3-5.8] for phase 3; OR[95%CI]=2.6[1.6-4.4] for phase 4).
Randomized Clinical Trials (RCTs) used twice as many PROMs/PREMs than non-
randomized trials (OR[95%CI]=2.0[1.7-2.4]). Clinical trials focusing on supportive care
demonstrated significantly higher odds for using PROMs/PREMs than trials with other
objectives (OR[95%CIl]=4.1[2.7-6.2]). Studies concerning some organ-specific trials
were less likely to use PROMs/PREMs than non-organ-specific ones — such as breast
(OR[95% CI]=0.7[0.5-0.9]), digestive (OR[95% Cl]=0.6[0.5-0.8]), Ilung (OR[95%
Cl]=0.7[0.4-0.7]), haemopoietic (OR[95% CI]=0.5[0.3-0.8]), and thyroid (OR[95%
Cl]=0.4[0.2-0.9]) cancers —. Similarly, the use of PROMs/PREMs instruments in
observational studies differed according to characteristics of studies (Figure 5B). In
contrast to retrospective studies, cross-sectional and prospective studies used more
often (OR[95%CI]=4.6[3.3-6.4] and 3.2[2.5-4.1], respectively) PROMs/PREMs. After
adjusting for confounding factors, cohort studies had significantly higher odds for using
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PROMs/PREMs than case-control studies (OR[95%CI]=1.6[1.3-2.1]). Additionally, studies
focusing on organ-specific trials — such as breast (-30%, OR[95% CI]=0.7[0.5-0.8]),
digestive (OR[95% CI]=0.4[0.3-0.5]), head and neck (OR[95% CI]=0.6[0.4-0.8]),
hematopoietic (OR[95% CI]=0.6[0.4-0.8]), lung (OR[95% CI]=0.4[0.3-0.5]), thyroid
(OR[95% CI]=0.5[0.3-0.9]), and urogenital (OR[95% CI]=0.4[0.3-0.6]) cancers — had
lower odds for using PROMs/PREMs than non-organ-specific studies.
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Discussion

Taken together, our results clearly show that i) an Al-enriched algorithm outperformed
an expert-based one in identifying PROMs/PREMs in clinical studies, ii) the use of
PROMs/PREMs has increased over time, iii) studies in breast cancer and digestive
cancer accounted for nearly half of the studies incorporating PROMs/PREMs, and iv)
interventional prospective studies were more likely to use PROMs/PREMs than any other
type of studies.

The Al-enriched algorithm that we developed for this specific purpose appears
particularly promising for researchers seeking to identify both the presence of
PROMs/PREMs and which PROM/PREM was used in oncology studies. With a 90%
accuracy, we were able to better identify studies than experts would do manually and
in @ more efficient way: first, the manual checking of 4,798 outcomes (accounting for
892 studies) took several weeks using a work force of 16 high-skilled people while the
algorithm was able to classify the whole 24,491 studies within a few minutes (from 10
minutes to 3 hours, depending on the GPU workforce). Although the development of the
Al-enriched algorithm required a considerable initial investment in time and expertise,
this effort represents a long-term return on investment, as the tool can subsequently
process large datasets much faster than expert-based approaches. A significant
increase in the use of PROMs/PREMs in phase 2 to 4 studies could be forecasted in the
coming years, driven by the growing interest from key stakeholders, including industry,
regulatory bodies, patients, and patient associations, as well as their commitment to
promoting value-based healthcare (VBHC) in clinical practice. Several regulatory
bodies, such as the FDA and HAS, have recently incorporated PROMs/PREMs into their
care quality and safety indicators to encourage their use in clinical trials [18-20].
Additionally, the increasing incorporation of PROMs/PREMs in clinical studies that we
report supports our optimism. The Al-enriched algorithm tool could be extended to
other medical indications, fostering widespread research on PCM. On a larger scale, Al
could become an invaluable tool for medical stakeholders to manage, conduct, and
monitor clinical studies [26]. Nevertheless, the Al-driven method also carries the risk of
misclassifying conceptually close types of clinical outcome assessments (e.g., observer-
reported outcomes or clinician-reported outcomes) as PROMs/PREMs, potentially
leading to an overestimation of their prevalence compared with the expert-based
review. In contrast, the expert-based review offers the advantage of manual verification
by trained reviewers, which helps ensure accuracy and contextual understanding, even
if it is more resource-consuming.

Among all organ-specific studies, PROMs/PREMs were more frequently used in studies
focusing on breast and digestive cancers. This trend may be attributed to the extensive
research on these cancers, driven by their high prevalence, significant impact on
patients quality of life, and the growing need for patient feedback as treatments evolve
[27,28]. Furthermore, the diverse patient populations affected by breast and digestive
cancers—spanning various age groups, genders, and ethnic backgrounds—underscore
the importance of considering patients’ perceived experiences and outcomes. While
this is not unique to these cancer sites, breast and digestive cancers are among the
most extensively studied in terms of patient-reported outcomes [29,30], likely due to
their high prevalence and the strong presence of advocacy groups and research
funding. This visibility has facilitated the integration of VBHC principles, where patient-
centered care remains a central theme in medical research [31]. Compared to other
cancer sites, breast and digestive cancers feature more prominently in VBHC-related
literature, highlighting a gap that should be addressed for less-studied malignancies. It
is also possible that in therapeutic areas where PROMs/PREMs are less common or less
standardized, the relative performance gap between Al- and expert-based methods
could be smaller, underscoring the importance of context when interpreting these
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findings. In our dataset, where PROMs/PREMs were present in 33% of oncology studies,
the algorithm achieved strong sensitivity and specificity; however, because sensitivity
and specificity depend on the prevalence of the measured outcome, its performance
may be reduced in contexts where PROMs/PREMs are less frequently or less
consistently reported. Further studies are therefore needed to assess the robustness
and generalizability of Al-driven approaches across diverse conditions.

We also report that interventional/prospective studies incorporated more PROMs/PREMs
than observational/retrospective studies. This trend could be attributed to the growing
interest of regulatory bodies and sponsors (e.g., industry, investigators, promoters) in
incorporating these measures into clinical trials to support, particularly, regulatory,
including regulators, like FDA and European Medicines Agency, and Health Technology
Assessment (HTA) approvals. In such, some governments have begun recommending
the use of PROMs/PREMSs in interventional studies through official communications and
guidelines [19,32]. Interventional studies are, by definition, designed with a structured
protocol that allows for the systematic collection of specific data, making them
particularly suited for incorporating PROMs/PREMs. Furthermore, since PROMs/PREMs
provide direct patient insights, their inclusion in interventional studies is especially
relevant, as these studies aim to evaluate the effects of specific treatments or
interventions. Incorporating PROMs/PREMs into the design of observational studies
requires their integration into routine care. Another approach would involve leveraging
PCMs in registries or other real-world data sources and incentivizing the use of
PROMs/PREMs in funding and in publishing by updating publication guidelines and
funding requirements. Collaborative approaches, such as engaging patient advocacy
groups and fostering multidisciplinary teams, may further enhance their adoption, as
these groups often emphasize holistic, patient-centered care, and bring together
diverse clinical perspectives that recognize the value of patient-reported measures.

The increase use of PROMs/PREMs in oncology was also earlier reported by Vodicka et
al.(2015), which aimed to estimate the proportion of clinical trials using at least one
PROM/PREM from November 2007 to December 2013 [33]. They identified 29% of
oncology trials using PROMs/PREMs where we identified 33%. This could either be due
to an improvement in the method for identifying studies or to an increase in the use of
PROMs/PREMs over time. We used the same ClinicalTrials.gov database with a larger
number of studies. The main difficulty in identifying PROMs/PREMs relied in the
classification used in the ClinicalTrials.gov database. No standardized naming for
PROMs/PREMs was currently available, leading researchers and healthcare providers to
use the same PROMs/PREMs but with different namings. This observation may explain
the poor quality of data retrieved from studies used by our Al-enriched algorithm. Both
algorithms (Al-enriched and expert-based ones) exhibited the same issue, but our Al-
enriched algorithm remained more efficient than the expert-based one. Therefore,
classification appeared to be the major risk of bias in our study. Both the trends in the
use of PROMs/PREMs in oncology trials over time and their distribution exhibited
performance rates below 100%, due to misclassification of cancers. One potential way
to reduce this bias would be the implementation of an Al-based tool to support
researchers in identifying, labeling and naming PROs, thereby enhancing consistency in
classification, terminology (names), and acronyms.

Overall, within the oncology field, evidence suggests that routine collection of
PROMs/PREMs enhances patient-provider communication, helps identify symptoms and/
or concerns, and improves patient satisfaction [34]. However, there is currently limited
evidence demonstrating their impact in oncological settings, particularly regarding an
effective improvement of quality or a better healthcare system performance [35,36].
Therefore, further research is essential to address these gaps, assess the applicability
of this approach across a broader range of pathologies, and evaluate its adaptability to
additional open-access databases. Such investigations would help determine the
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generalizability and scalability of the methodology, facilitating its integration into
diverse healthcare data systems and supporting its potential for a widespread
application in health data analysis and patient-centered research.

Conclusion

Altogether, our data clearly demonstrate that an Al-enriched algorithm was more
efficient (both more sensitive and more specific) as well as more efficient (time saving)
than an expert-based algorithm in identifying PROMs/PREMs in oncology clinical
studies. PROMs/PREMs are being used more and more over time, especially in
interventional/prospective studies. We suggest that a better naming/classification of
PROMs/PREMs could facilitate their identification and use, for example through the
development of an Al-based tool to assist researchers in identifying, labeling and
naming PROs. Further studies should extend this identification to other types of
pathologies available in the ClinicalTrials.gov database and/or to other databases.
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Table 1. Confusion matrix based on outcomes determined by experts-based method

Observed values

Predicted
values

Use of Yes No

PROMs/PREMs

Yes 1 684 539
No 264 2 311

Legend: The table shows the classification performance of the expert-based model predicting the use of Patient-
Reported Outcome Measures (PROMs) and Patient-Reported Experience Measures (PREMs). "Yes" and "No" refer to
whether PROMs/PREMs were used, as determined by experts. The model correctly predicted use in 1,684 cases and non-
use in 2,311 cases, with 539 false positives and 264 false negatives.
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Table 2. Confusion matrix based on outcomes determined by the Al-enriched algorithm
Observed values

Use of Yes No

PROMs/PREMs
Predicted Yes 460 60
values No 46 499

Legend: This table displays the performance of the Al-enriched model for identifying the use of Patient-Reported
Outcome Measures (PROMs) and Patient-Reported Experience Measures (PREMs). The model correctly predicted usage in
460 cases and non-usage in 499 cases, with 60 false positives and 46 false negatives.
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Table 3. Description of the characteristics of studies according to their use of

PROMs/PREMs (Al-enriched algorithm).

All

Studies not

Studies that

using a used PROM/ p-

CHARACTERISTICS N= 24 491 PROM/PREM PREM value

! N= 16,462 N= 8,029

Study type <
Interventional 19,344 12 544 0.001
Observational (79.0%) (76' 2%) 6,800 (84.7%)

5,147 3918 &23 8%) 1,229 (15.3%)
(21.0%) ' '

INTERVENTIONAL STUDIES 19,344 12,544 6,800

Clinical Phase <
Early Phase 1 376 (1.9%) 0.001°
Phase 1 2,536
Phase 1/Phase 2 (13.1%) 314 (2.5%) 62 (0.9%)

Phase 2 1528 5553(18.0%) 283 (4.2%)
Phase 2/Phase 3 (7.9%) 1,279 (10.2%) 249 (3.7%)
Phase 3 2228 3905 (31.1%) 1,323 (19.5%)
Phase 4 (27.0%) 165 (1.3%) 124 (1.8%)
Missing’ 289 (L5%) 835 (6.7%) 814 (12.0%)
(}3'65?,/?) 274 (2.2%) 178 (2.6%)
452 (2.3%) 3,518 (28.0%) 3,767 (55.4%)
7,285
(37.7%)

Allocation type <
Non-Randomized 2,543 0.001®
,F\‘,i\?dom'zed (}33518?) 2,025 (16.1%) 518 (7.6%)

(421 4%) 4,185 (33.4%) 4,401 (64.7%)
8 215 6,334 (50.5%) 1,881 (27.7%)
(42.5%)

Interventional model <
Crossover Assignment 374 (1.9%) 0.001°
Factorial Assignment 120 (0.6%) 206 (1.6%) 168 (2.5%)

Parallel Assignment 9,330 58 (0.5%) 62 (0.9%)

Sequential Assignment (48.2%) 4,910 (39.1%) 4,420 (65.0%)

Single Group Assignment 873 (4.5%) 725 (5,8%) 148 (2.2%)

Missing 8,613 6,619 (52.8%) 1,994 (29.3%)
(44.5%) 26 (0.2%) 8 (0.1%)
34 (0.2%)

Primary purpose <
Diagnostic 1,573 0.001°
Prevention (8.1%)

Supportive Care 1,031 1,401 (11.1%) 172 (2.5%)
e (5.3%) 561 (4.5%) 470 (6.9%)
Other 2,058 420 (3.3%) 1,638 (24.1%)
Missing (112("21/;) 9,026 (72.0%)  3.789 (55.7%)
(66'2%) 1,082 (8.06%) 705 (10.?%)
1,787 54 (0.4%) 26 (0.4%)
(9.2%)
80 (0.4%)

OBSERVATIONAL STUDIES 5,147 3,918 1,229

Observational model <
Case-Control 535 0.0012
Case-Only (10.4%)

Cohort 736 441 (11.3%) 94 (7.6%)
Other (14.3%) 580 (14.8%) 156 (12.7%)
Missing 3.295 2,460 (62.8%) 835 (67.9%)
(64.0%) 396 (10.1%) 125 (10.2%)
521 41 (1.0%) 19 (1.5%)
(10.1%)
60 (1.2%)
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Time Perspective <
Cross-Sectional 359 (7.0%) 0.001°
Prospective 3,723 243 (6.2%) 116 (9.4%)
Retrospective (72.3%) 2,742 (70.0%) 981 (79.8%)
Other 836 753 (19.2%) 83 (6.8%)
Missing (16.2%) 161 (4.1%) 43 (3.5%)
204 (4.0%) 19 (0.5%) 6 (0.5%)
25 (0.5%)
N (%)

Abbreviations: Al: Artificial intelligence; NIH: National Institute of Health; PREMs: Patient-Reported Experience Measures;

PROMs: Patient-Reported Outcomes Measures

Legend: This table presents the distribution of key study characteristics for all included studies (N = 24,491), stratified
by whether they used Patient-Reported Outcome Measures (PROMs) or Patient-Reported Experience Measures (PREMs).
Characteristics are shown separately for interventional and observational studies, with proportions compared between
studies using and not using PROMs/PREMs. Significant differences were found across study type, clinical phase,
allocation method, interventional model, primary purpose, observational model, and time perspective (all p < 0.001).

Details:

a
1
2

type.

https://preprints.jmir.org/preprint/84533

: p-values do not account for missing data, as the data are censored.
: Missing data does not correspond to any clinical trial phase as per its definition (e.g., medical devices).
: Trials classified as Single Group Assignment and Sequential Assignment are grouped under "NA" for allocation
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Table 4. Instruments repartition among studies that used one or more of the nine most
commonly employed PROMs/PREMs (n=4,823)

Instrument Value Proportion (%)
EORTC QLQ-30 1,602 33.22
FACT-G 734 15.22
Cancer-Related QoL 416 8.63
HADS 441 9.14
C-VAS 263 5.45
NCI 411 8.52
EQ-5D-5L 552 11.45
PRO-CTCAE 292 6.05
IPSS 112 2.32
Total 4,823 100.00

Abbreviations: Cancer Related QoL: Cancer-Related Quality of Life ; C-VAS: Cancer Visual Analogue Scale ; EORTC QLQ-
C30: European Organisation for Research and Treatment of Cancer Quality of Life Questionnaire - Core 30 ; EQ-5D-5L:
EuroQol 5 Dimensions - 5 Levels ; FACT-G: Functional Assessment of Cancer Therapy - General ; HADS: Hospital Anxiety
and Depression Scale ; IPSS: International Prostate Symptom Score ; NCI: National Cancer Institute ; PREMs: Patient-
Reported Experience Measures ; PRO-CTCAE: Patient-Reported Outcomes version of the Common Terminology Criteria for
Adverse Events ; PROMs: Patient-reported Outcomes Measures

Legend: This table summarizes the frequency and proportion of studies that employed at least one of the nine most
frequently used Patient-Reported Outcome Measures (PROMs) or Patient-Reported Experience Measures (PREMs). The
most commonly used instrument was the EORTC QLQ-C30 (33.22%), followed by FACT-G (15.22%) and EQ-5D-5L
(11.45%). Less frequently used instruments included IPSS and C-VAS.
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Table 5. Categories of Health Dimensions Assessed by Instruments Identified among

studies that used one or more of the nine most commonly employed PROMs/PREMs
(n=4,823)

Category Value Proportion (%)
Patient satisfaction with 1,969 40.74
care
Organ-specific quality of 783 16.20
life
Depression and anxiety 441 9.12
scale
NA 1,640 33.93
Total 4,823 100.00

Legend: This table shows the distribution of health dimensions evaluated by instruments used in studies employing one
or more of the nine most frequently used Patient-Reported Outcome Measures (PROMs) and Patient-Reported Experience
Measures (PREMs). The majority of instruments assessed patient satisfaction with care (40.74%), followed by organ-

specific quality of life (16.20%) and depression and anxiety scales (9.12%). A notable proportion (33.93%) of
assessments were classified as not applicable (NA).
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Supplementary Files
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Multimedia Appendixes

Untitled.
URL.: http://asset.jmir.pub/assets/69a687cede7d1cfac9f0505e0b062098.docx
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