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Abstract (100 words maximum)

This work presents MMCTO, a multimodal framework predicting clinical trial outcomes by
integrating molecular, disease, and eligibility data. Based on the LIFTED architecture, it
employs natural language transformation and a Mixture-of-Experts mechanism to unify
heterogeneous inputs. It demonstrates superior predictive performance across trial phases on
HINT and CTOD datasets. Ablation studies confirm the importance of LLM-generated features
and conditioned gating. A RAG pipeline contextualizes results, while SHAP explanations
provide transparency. The approach optimizes resources and streamlines processes, potentially

avoiding costly failures and accelerating drug development timelines.
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1 Introduction

Clinical trials are the process through which new drugs or treatments are tested for their effi-
cacy and safety before being introduced to the market. Given their impact on public health, the
clinical trial procedure is rigorously planned and consists of a prolonged research study.

Their importance has only grown with the exponential expansion of the global pharmaceutical
industry, which was valued at $390 billion in 2000 and is projected to exceed $1.5 trillion by
2024 (Statista 2023).

Despite their critical role, clinical trials often face major obstacles such as high costs, long du-
rations, and low success rates (Sertkaya et al. 2016). Each failure not only entails substantial
financial losses but also impedes the timely development and dissemination of therapeutics with
the potential to significantly improve or preserve human life.

According to U.S. Food and Drug Administration (2025) each trial follows a uniform approach
that is separated into distinct steps. The pharmacokinetic, safety, and tolerability assessments
in patients or volunteers are performed on a small scale during the Phase I trial, whereas the
efficacy assessments performed alongside safety evaluations in larger populations occur during
phase II.

In order to measure therapeutic efficacy, side effect incidence, and experimental treatment com-
parisons to baseline medications or placebos in standard treatment, phase III trials require a
greater diversity and number of participants.

A drug or treatment must successfully complete these three stages in order to receive govern-
ment approval, confirming that it is safe and effective for general public use.

The ability to anticipate the results of these trials is critically important for the pharmaceutical
and healthcare industries. Accurate prediction allows for better resource allocation, reduced
risks, and faster development of therapies (Qi and Tang 2019).

Recent advances in the digital transformation of healthcare have led to the accumulation of vast

amounts of clinical data, creating new opportunities for predictive modeling. As Bernie Wood-
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cock from the U.S. FDA has noted, "Improving the efficiency and success rate of clinical trials
is essential to bringing new therapies to patients faster and at a lower cost" (Woodcock 2020).
Researchers have increasingly turned to machine learning, and more recently, to deep learning
and multimodal integration techniques, due to the complexity of the data and the interactions
between variables such as molecular structures, patient profiles, and textual information. Tra-
ditional predictive modeling approaches often rely on modality-specific encoders, which limits
their adaptability to new data types (Zhou et al. 2022).

With these limitations in mind, new frameworks such as LIFTED have been proposed, offering
advanced model architectures like Mixture-of-Experts (MoE) and ambitious strategies that aim

to synthesize and unify multimodal information through natural language transformation.

1.1 Evolution of Predictive Approaches

Traditional methods of machine learning often utilize organized data related to chemical com-
pounds, biological entities, or the designs of the trials. Striving to enhance the clinical trial
outcome prediction, these models emphasized specific characteristics of the drug, like its phar-
macokinetics Qi and Tang (2019) or its toxicity Gayvert, Madhukar, and Elemento (2016).
Due to the increase in available biomedical data, as well as new developments in technology,
the previously mentioned limitations can now be approached using deep learning techniques.
An example would be Doe and Smith (2024) who created machine learning models that attempt
to predict drug approvals for 15 different diseases using both the drug-specific features and trial
design elements relevant to the drug. This demonstrates that there is potential for different con-
textual information to be integrated into predictive models.

Fu et al. (2022) proposed a new approach, using an interaction network that could leverage
multi-modal data such as clinical trial records, therapeutic indications and molecular structures,
by examining the complex relationships that exist between quantitative and qualitative data,

which is a crucial and frequently challenging part of analysis for predicting an outcome. Even
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though this system represented a significant advancement in the clinical trial landscape, it was
still limited in its ability to expand with new types of data becoming relevant and a shifting
clinical trial paradigm, since it still relied on modality-specific encoders.

Alongside these examples, other strategies have emerged. Drug-disease relationships have been
modeled with graph neural networks (GNNs) based on the capability of biological knowledge
bases to predict certain clinical success (Himmelstein et al. 2017).

Transfer learning has also been researched in relation to model optimization by predicting clin-
ical trials to tailor models initially trained on large biological datasets (Lee et al. 2020).
Furthermore, ensemble methods, which add multiple different predictive models for the same
task, have been studied to augment robustness and generalizability across treatment areas (Sa-
hoo, Pham, and Hoi 2021).

Despite these promising developments, most models still struggle in two areas: combining data
such as molecular structures, clinical trial records, and patient information into one system, and
generalizing data across trial phases and other areas of therapy. It is apparent that more cohesive
predictive systems that work using an array of different methods and materials are better suited
to enhance predictive models.

However, Large Language Models (LLMs) offer a fresh and innovative method by transform-
ing heterogeneous data into a unified natural language format, allowing the employment of
transformer-based systems to complex clinical trial datasets with reasoning capabilities. This

will result in more accurate and profound predictions for clinical trial outcomes (Lee et al. 2023)

1.2 The Challenge of Multimodal Integration

The effective integration of multimodal data with the purpose of predicting clinical trial out-
comes integrates the greatest challenges associated with data diversity and complexity (Miotto

et al. 2016).
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First, synthesizing uniform representations from very different data types can be demanding.
For instance, molecular information is often represented as graphs depicting atoms and bonds,
whereas disease classifications tend to use ontological tree structures that employ semantically
rich hierarchies of relations between conditions (Zitnik, Agrawal, and Leskovec 2018).

Each domain of biology relies on its own specialized encoders, which complicates the extrac-
tion of meaningful features. Therefore, any unified encoder must be able to consolidate and
standardize this data into a homogeneous product (Shickel et al. 2018).

Second, the use of specific information patterns across modalities enables cross-consideration.
Some information types like disease descriptions and their accompanying medication lists con-
tain features that can be extracted like symptoms or treatment effects.

On the other hand, some modalities such as chemical structures and drug names contain com-
pletely different information, which require different approaches for extraction.

Last but not least, the composition of predictive models from the integrated representations is
also a problem.

There are different possible ways that the multi-source information can be combined and some
of them might not be optimal while others may be substantially more valuable, especially across
evaluations on clinical trials.

Bearing that in mind, each mechanism of integration should strive to fulfill the informational
demands of every prediction task by dynamically adjusting the balance and contribution of com-
ponents within the model to satisfy its specific predictive information requirements.
Addressing these issues is critical in creating predictive systems that are both adaptive and ro-
bust, enabling the multi-faceted clinical trial data to be utilized optimally, thereby enhancing

the precision of outcome predictions (Zhou et al. 2022).
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1.3 The LIFTED Approach

To address these issues, Zheng et al. (2025) designed an approach they named LIFTED (MuL-
timodal Mix—of—Experts For Outcome Prediction). This method employs a transformer-based
unified encoder to extract features from multiple data modalities (Vaswani et al. 2017), re-
fines these features using a Sparse Mixture—of—Experts (SMoE) framework (Fedus, Zoph, and
Shazeer 2022), and ultimately integrates the multimodal features through a final Mixture—of —Experts
(MoE) model (Shazeer et al. 2017).

Deployment of LIFTED allows description-based unification of language features that tran-
scend mode-specific boundaries within a single system. Language description extraction in-
volves the crafting of a transformer-based encoder and the application of model-specific lan-
guage description processing, refining using an SMoE framework afterwards.

Within SMoE, representations derived from multiple modalities are executed through dynamic
routing within a top-k gating network (Shazeer et al. 2017) that introduces noise towards shared

expert models specific to identifying identical information patterns.

1.4 Objectives

This thesis is committed to exploring the clinical trial predictive modelling area with the atten-
tion to one of the most important foundational areas of the LIFTED pipeline: leveraging large
language models (LLMs) to generate natural language narratives from complex multimodal
clinical trial data.

This conversion makes it possible to harmonize different types of data into a single format that
can be understood and used by transformer-based encoders.

This thesis aims to produce four main outcomes. First, it aims at providing a comprehensive
and detailed account regarding transforming multimodal clinical trial data into natural language
description templates suitable for predictive modeling.

Second, it proposes a qualitative analysis of the output cross-evaluated among varying LLMs
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and their prompts, which provide insights into the relative strengths and weaknesses of various
models and configurations, as well as inform best practices for their effective use.

Third, it attempts to investigate how transforming heterogeneous data into a single natural lan-
guage representation can enable better integration of multiple sources of information for pre-
dicting clinically relevant outcomes of clinical trials.

Lastly, it discusses some conclusions and suggestions for future research, especially regarding

the utilization of LLMs and natural language technologies for clinical trial analysis.

2 Literature Review

The following sections present a concise literature review of recent advancements in clinical
trials, along with a summary of the key resources used in developing predictive models.

We aim to illustrate the chronological development of this area to better understand the chal-
lenges in optimizing clinical trial forecasts and to clarify our approach and contribution.

Additionally, we present an overview of commonly used tools in this field, including those in
our own work, to enhance transparency and trust in our model and its results. By doing so, the
goal is to foster greater transparency and confidence in the models functioning and resulting

predictions.

2.1 Historical Approaches

Due to the large expenses and poor success rates associated with clinical trials, researchers have
studied and developed methods attempting to model predictions for the results of clinical trials
for decades.

Traditional statistical techniques, regression analyses, and basic probabilistic models applied to
small sets of molecular and clinical variables were the mainstays of early methodologies.
During the 1990s, one of the first systematic approaches to predicting pharmacological proper-

ties based on molecular attempts was the Quantitative Structure Activity Relationship (QSAR)
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techniques (Tropsha 2010).

These methods formed relationships between the biological activity of compounds and their
physicochemical properties, therefore allowing drug efficacy and toxicity predictions to be
made (Hansch and Fujita 1964). These approaches were still limited by the large, simplistic
mathematical framework used and the sparse datasets available.

With the emergence of genomics in the early 2000s, new datasets composed of biological data,
such as gene expression data, were integrated into the existing molecular frameworks (Wang,
Gerstein, and Snyder 2009). In a different example, Lamb et al. (2006) created the ’Connectivity
Map’, an approach that employed gene expression profiles to find associations among diseases,
genes, and chemical compounds which could be used to hypothesize their impact on treatment.
This further added to the existing prediction models which incorporated new biological data.
An important advancement came along with the work Gayvert, Madhukar, and Elemento (2016)
performed, as they pioneered one of the computational frameworks focused on predicting drug
toxicity. The framework created by these researchers integrated the compound’s structural
features with its historical toxicity datasets, strengthening the algorithm and proving machine
learning’s worth in predicting crucial aspects of a clinical trial.

Simultaneously, Qi and Tang (2019) applied deep forest-based models in predicting drug-target
interactions, which is significant for evaluating the therapeutic potential of a new compound.
Their deep learning technique was able to model complex nonlinear interactions of molecular

features with biological activities, as opposed to the previously used linear approaches.

2.2 Recent Advances

There have been many contributions towards a more efficient and result-driven approach for
predicting clinical trials results.
This section highlights key milestones over the past several years, notably the rise of deep

learning and the expansion of clinical trial data, which have been central to recent advances in
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outcome prediction. One of these methods was created by Lo et al. (2019) through a comprehen-
sive approach that combined heterogeneous data sources across 15 different medical conditions
categories, aiming to predict future drugs approval success rate. Their work mainly highlighted
the importance in combining contextual clinical trial data with genetic traits as well as the op-
portunities it offered in using a multi-modal approach to predictive modeling.

Additionally, Y. Wu et al. (2023) faced the same challenge traditional modelling approaches
faced before him, the hardship of representing complex relations between different data types
such as drugs, diseases, and genes. To surpass this obstacle Y. Wu et al. (2023) constructed a
heterogeneous biomedical knowledge graph (BKG), a method that combines graph embeddings
and GNN (graph neural networks), which proved to be a highly valuable innovation since graph-
based methods offer an effective solution to model complex biological relationships among key
factors in clinical trials leading to applications such as drug repurposing, disease-genes associ-
ation predictions and overall clinical trial optimization.

Accurately training models from scratch comes with a multitude of obstacles which is mainly
due to the relatively small number of clinical trials with available outcome data. To answer
this challenge, the field saw increased use of transfer learning techniques, which models have
been pre-trained on extensive, domain-relevant datasets and then transfer their knowledge to the
specific task of predicting clinical trial outcomes on a smaller dataset.

One of the most promising processes presented in the last few years was HINT (Hierarchi-
cal Interaction Network). HINT is a framework developed by Fu et al. (2022) which offers a
unique and innovative way to utilize multi-modal data and analyze intricate correlations thereby
significantly enhancing the structured integration of various information sources by explicitly
modeling hierarchical interactions between components such as medications, illnesses, inclu-
sion criteria, and patient demographics.

Finally, Zheng et al. (2025), developed LIFTED, which purportedly has improved flexibility and

scalability solutions for dealing with the complex nature of clinical trial data. Any level of in-
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terpretation, using natural language as a standard representation, promotes integration, however
LIFTED solves major problems derived from previous works, particularly with heterogeneous
data processing and adaptation to different types of clinical trials.

LIFTED inherent qualities pertaining to the above-mentioned challenges critically relieve con-
straints to a predictive modelling approach, thus making it the best option to expand upon and

why it will be the main focus of our thesis.

2.3 CTOD (Clinical Trial Outcome Dataset)

As mentioned in the previous section, one major challenge clinical trials prediction models face
is the lack of dependable and robust datasets on which models can be trained and tested. To fix
this issue Gao et al. (2025) established a dataset called CTOD.

CTOD compiles information from public sources like ClinicalTrials.gov (n.d.) and the EMA’s
database, emphasizing Phase II and III trials for new molecular entities.

It features a multimodal and more integrated schema than previous datasets, including molec-
ular disease information like SMILES codes and physicochemical properties, textual descrip-
tions, ICD-10 enumeration and severity, trial eligibility and endpoints, study design, sample
size, duration, and binary outcome relating to efficacy and safety, including detailed annota-
tions for failed trials when available (Gao et al. 2025).

Covering 4,182 unique clinical trials, 1,749 distinct compounds, and 437 medical conditions,
CTOD notably exhibits a class imbalance, with only 32% of trials classified as successful.
Standardized evaluation protocols, including stratified train/validation/test splits and specific
performance metrics, were also established by Gao et al. (2025) to ensure fair comparisons be-
tween models.

CTOD is revealed to be an important development for the available resources used in clinical
trial outcome prediction research as it provides a high-quality, reliable clinical trial outcome

dataset.
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2.4 Foundational Resources for Predictive Modelling

Numerous other resources, in addition to CTOD, have proven valuable for research on clinical
trial outcome prediction, some of which will be presented in this section.

DrugBank, is a database that contains detailed information for pharmaceutical drugs including
their molecular targets, mechanisms of action, drugdrug interactions, and metabolic pathways
(Wishart et al. 2018). It is mainly used as a source of molecular and pharmacological input
features for predictive models.

PubChem, is a public repository of chemical substances and their biological activities, offer-
ing structural and experimental data used to identify substances that can potentially integrate a
new drug (Kim et al. 2021). The AACT (Aggregate Analysis of ClinicalTrials.gov) database
provides data relating to all publicly available information from ClinicalTrials.gov (n.d.), facil-
itating analyses of clinical trial trends and properties.

MoleculeNet, introduced by Z. Wu et al. (2018), offers a benchmark for molecular machine
learning, covering tasks such as toxicity, solubility and permeability which are important fac-
tors in a clinical trial.

The Unified Medical Language System (UMLS) standardizes textual descriptions of diseases
and medical conditions, which facilitates data interoperability and consistency across computa-
tional systems (Bodenreider 2004).

Additionally, structured resources such as Gene Ontology (Ashburner et al. 2000), KEGG
(Kanehisa et al. 2017), and Reactome (Jassal, Matthews, Viteri, et al. 2020) provide detailed
information on genetic functions, metabolic pathways, and biological processes, enabling the
incorporation of mechanistic knowledge into predictive models.

Together, these resources complement clinical trial-specific datasets by providing information
that improves both the accuracy and transparency of predictive models. Also, by granting more

contextual data to a model we ensure its robustness and capability of processing new data.

10
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2.5 Interaction Networks

Interaction networks are a powerful instrument, applied to explore interdependencies between
variables and consequently map observed correlations.

This approach proves highly beneficial, considering that most models integrate data from a
wide range of often heterogeneous modalities, including diseases, genes, and proteins as graph
nodes, with edges denoting their interactions.

The image below illustrates one such interaction network, clearly demonstrating the mapping

structure previously outlined.

Trial
Interaction
Graph
Construction

Figure 1: Architecture of the Trial Interaction Graph-Based Prediction Model

These networks capture interactions across multiple domains. By coupling variables and an-
alyzing the resulting outcomes, interaction networks enable the efficient identification of rela-
tionships such as drugtarget, drugdisease, diseasesymptom, and drugadverse effecteach crucial
for evaluating therapeutic efficacy and safety.

As aresult, they serve an essential role in predictive modeling by improving data interpretation,
deepening overall understanding, enhancing prediction accuracy, and allowing for the incorpo-

ration of additional information such as metabolic pathways, drugdrug interactions, and genetic

11
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variations.

However, one of their major limitations lies in their dependence on prior knowledge, which is
often incomplete or biased toward specific medical domains.

With the objective of addressing this issue, the HINT (Hierarchical Interaction Network) model,
developed by Fu et al. (2022), emerges as a key solution. Its main innovation lies in its hierar-
chical structure, designed to capture the distinct and complex relationships between multimodal
variables relevant to clinical trialssetting it apart from traditional models.

With the objective of predicting the success or failure of clinical trials, HINT integrates data
in a more targeted manner, specifically extracted from Phase II and III studies involving small-
molecule drugs, using reliable sources such as ClinicalTrials.gov, DrugBank, PubChem, and
biomedical literature.

This structure is organized into different levels: At the lower level, drugs are represented by
their molecular graphs, chemical fingerprints, and physicochemical properties, while diseases
are described through medical ontologies, associated symptoms, and pathological mechanisms.
At the interaction level, relationships such as drugdisease, drugtarget, and diseasesymptom are
mapped.

Finally, the trial level includes study-specific attributes such as phase, design, target population,
and predefined endpoints.

The HINT dataset comprises 3,927 clinical trials, covering 1,251 drugs and 375 medical con-
ditions. One of its key advantages is the richness of detailed information on known drugtarget
interactions, which enhances the biological relevance of models in a clinical context.

The proposed framework leverages a hierarchical interaction network to fuse these diverse lay-
ers of information, employing attention mechanisms to capture dependencies across the hier-
archy. This strategy outperforms approaches that treat modalities in isolation, reinforcing the
value of modeling cross-modal biomedical interactions to improve clinical trial outcome pre-

diction.

12
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In summary, HINT applies attention mechanisms to integrate information across network lev-
els, enabling a precise focus on the most relevant relationships in each case.
It is a proven structure for effectively capturing the clinical context of variable interactionssome-

thing traditional approaches often fail to represent, interpret, or incorporate into final outcomes.

2.6 Unified Representations and the LIFTED Model

One of the developing methods for multimodal integration is to map data from multiple sources
into a single representation space. This simplifies data processing and pattern recognition across
various modalities, allowing different types of data, such as clinical notes, medical imaging, and
temporal data, to be handled in a unified manner (Krizhevsky, Sutskever, and Hinton 2012).
This approach facilitates the creation of more accessible and adaptable interfaces for predictive
models, promoting interoperability and flexibility. To achieve this unified representation of data,
various techniques have been explored, one of which involves constructing a latent space where
variables are vectorized, allowing mathematical operations and comparisons between different
types of data (Bordes et al. 2013).

This technique makes use of translational embeddings (TransE) and semantic embeddings,
enabling the reuse of knowledge from pre-trained models in various contexts (Mikolov et

al. 2013).

3 Materials and Methods

The chapter is structured around three central sub-sections, as follows: data collection, bench-

mark and research method. These sub-sections will be presented as follows:

13
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3.1 Data Collection

This section introduces the data sources used in our experimental setup, which forms the foun-
dation for converting the data into natural text and for fine-tuning and evaluating the models.
The datasets used throughout this work are HINT (Favita 2025) and CTOD (Gao et al. 2025)
datasets.

It is important to note that only 4,305 clinical trials from the CTO dataset were matched with

the HINT dataset.

3.1.1 HINT

This dataset consists of 102,655 clinical trial records, distributed across 30,944 trials in Phase
I, 38,639 in Phase II, and 23,804 in Phase III. Each record includes 13 features such as the
trial title, associated diseases, a brief description, the SMILES representation of the drug, target
conditions, eligibility criteria, trial phase, and a binary outcome label indicating success or
failure.

No additional raw data cleaning was performed in this study, as the dataset had already been
curated by Favita (2025) in accordance with the TOP benchmark (Fu et al. 2022), which ensured

high-quality and consistent annotations.

Total nr. of clinical
studies

512,835

Nr. of clinical studies
filtered by status

325,725

Nr. of clinical studies
involving drugs

132,129

Nr. of clinical studies after
dropping rows with NA
from dates, phases, drug

107,656

Nr. of clinical trials with
drug molecule structure
and disease code

102,655

Figure 2: Data Preprocessing HINT Pipeline

Stratified sampling

by disease

23,350 trials

To ensure high-quality outcome labels, the original dataset underwent several filtering steps.

Only trials that reported statistical findings related to the primary outcome were considered

14
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Additionally, as the study focuses specifically on small-molecule drug trials, records involving
other treatment types, such as biologics or behavioral interventions, were excluded.

Only trials containing complete information on drug molecular structure (SMILES) and disease
codes were considered. Records with missing values in critical fields such as trial dates, phases,
or drug information were also removed to maintain dataset integrity.

Given the high dimensionality and volume of clinical trial recordsand the associated computa-
tional and financial cost of processing each trial via the OpenAl APIa reduction strategy was
necessary. To preserve the diversity and analytical value of the data, a stratified sampling ap-
proach was adopted based on disease categories.

An additional step was added to the original data pipeline curated by Favita (2025), consisting
of a stratified sampling procedure aimed at reducing dataset size while maintaining the clinical
representativeness of disease areas.

Specifically, ICD-10 codes were mapped to the Clinical Classifications Software Refined (CCSR)
system, and the first valid CCSR code was used to assign a primary disease category to each
trial. Trials were then sampled proportionally across these categories. This ensured that the rel-
ative frequency of disease types remained consistent in the reduced dataset, which is important
for maintaining realistic success rate distributions. For example, trials in oncology often exhibit
lower success rates than those in infectious or metabolic diseases, so preserving this balance is
essential for fair model evaluation and generalization (BIO and Advisors 2021).

After this stratified reduction, the HINT dataset retained a total of 23,350 trials: 7,736 in Phase
I, 9,662 in Phase II, and 5,952 in Phase III (see Appendix, Table A8). Phase IV trials were
completely removed, given that these refer to post-marketing pharmacovigilance (Ratan 2023),
thus being outside the scope of this study, which is focused on drug development in early and
intermediate stages.

Notably, this approach retained more clinical trials than the method proposed by Zheng et

al. (2025), providing a broader representation of the clinical trial landscape. The larger sample

15
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size enhances statistical power, supports more robust subgroup analyses, and improves model
trainingparticularly for rare disease categories where data scarcity is a challenge (U.S. Food

and Drug Administration 2019).

3.1.2 CTOD

The data utilized in this study were primarily obtained from the Clinical Trials Transformation
Initiative (CTTI) (n.d.) dataset, provided in compressed format (CTT1 — new.zip).
Additionally, trial outcome labels were sourced from the Clinical Trial Outcomes (CTO) dataset,
publicly accessible on the Hugging Face Datasets platform developed by Gao (2024). These
labels reflect success or failure predictions generated by machine learning models trained on
multimodal clinical trial data.

The initial dataset consisted of 124,917 clinical trial records, each containing fourteen fields,
including the study title, associated diseases, a brief description of the pharmaceutical agents,
the SMILES representation of the drug, target conditions, eligibility criteria, trial phase, number
of patients, and a binary outcome label. To ensure the quality of outcome labels and maintain
consistency with prior work, preprocessing was performed according to the criteria defined by
the CTO benchmark (Gao et al. 2025), which adopts filtering steps similar to those applied in

the TOP benchmark used for HINT.

Total nr. .Of clinical Filtered by known drugs Filtered by trial status Small-molecule interventions
trials —| and removed NAs from drug, phase [~ 61.480 53,360
124,917 61,524 ’ ’

Stratified sampling
by disease
16,225 trials

Figure 3: Data Preprocessing CTOD Pipeline

Only drug-based interventions were included, limited to completed studies that reported sta-
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tistical analyses for primary outcomes. Trials lacking phase information were excluded. This
resulted in a refined subset of 58,860 clinical trials containing complete structural and clinical
metadata.

While the original CTO benchmark focused only on trials completed after 2020, the present
study retained all available trials in order to expand the temporal scope and improve statistical
power for training and analysis.

Standardization steps were also performed to ensure consistency across modalities. Drugs were
represented using SMILES notation, and diseases were encoded with ICD-10 classification
codes. This standardization, a widely adopted practice in biomedical informatics (Weininger
1988), facilitates data integration, cross-study comparisons, and model reproducibility.
Similarly to the HINT section, an additional step was added to the CTOD data pipeline. A strat-
ified sampling reduction based on disease categoriesmapped using the Clinical Classifications
Software Refined (CCSR)was applied to reduce the dataset size while preserving the clinical
heterogeneity of therapeutic areas.

This sampling ensured that the relative distribution of diseases remained consistent, which is
essential for fair evaluation and generalization across medical domains.

After applying this reduction, the final CTOD subset retained 16,225 trials, distributed as fol-
lows: 5,022 Phase I, 6,738 Phase II, and 4,465 Phase III trials (see Appendix, Table A9).
Phase 1V trials were excluded entirely, as they relate to post-marketing surveillance and fall

outside the scope of this study, which focuses on early- and mid-stage drug development.

3.2 Benchmark

3.2.1 Drug Molecule Data

Molecular data were extracted from clinical trials in the CTTI dataset(Clinical Trials Transfor-
mation Initiative (CTTI), n.d.), where drug names were identified in the metadata and linked

to their corresponding molecular structures using SMILES notation. These structures, along
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with IUPAC names, molecular weights, descriptions, and mechanisms of action, were retrieved
from PubChem (n.d.) and ChEMBL (n.d.), two widely used chemical substance repositories in
pharmaceutical research.

SMILES (Simplified Molecular-Input Line Entry System) is a standardized text-based notation
that encodes molecular structures for computational analysis (Weininger 1988). It enables the
integration of chemical data with biomedical databases and supports tasks such as structural
modeling, similarity analysis, and pharmacological prediction.

Canonical SMILES strings and associated metadata were obtained via the PubChemPy API
(n.d.) APIL. Additional drug-related informationsuch as approval status, mechanism of action,
and target proteinswas retrieved from ChEMBL (n.d.), ensuring comprehensive molecular cov-
erage.

A name-matching algorithm was implemented to associate each trial with the appropriate molec-
ular entry. Exact and approximate matching techniques were used to address inconsistencies,
aiming to assign a single standardized SMILES string per drug for consistent downstream anal-
ysis.

This standardization supports interoperability and enables machine learning models to infer
pharmacological properties, predict outcomes, and explore drug repositioning opportunities.
Drug descriptions were further enriched using a curated mapping database available from Zheng
et al. (2025). Only validated drugs were retained; unlisted descriptions were recorded as null
values to preserve data integrity.

The final dataset comprises a unified, standardized set of molecular information, enhancing both

the semantic richness and analytical value of the clinical trial data.

3.2.2 Disease Data

Disease data were extracted from clinical trials collected in ClinicalTrials.gov (n.d.) and and
mapped to ICD-10 codes provided by the World Health Organization (2019). Disease names

were obtained from the browse_conditions.txt file of the CTTI dataset and normalized by con-

18



Group Part

verting to lowercase and removing duplicates.

These terms were then mapped to standardized ICD-10 codes through an external API from
the U.S. National Library of Medicine (n.d.), called Clinical Tables.The ICD-10 (International
Classification of Diseases - 10th Revision) is the global standard for systematic recording, re-
porting, and analysis of morbidity and mortality data.

Despite the official release of ICD-11 in January 2022, ICD-10 remains the most pragmatic
choice for this study due to its widespread adoption, compatibility with existing tools and
datasets, and its continued relevance in clinical research.

To perform the mapping between diseases and codes, an automated algorithm was implemented
that queries the API with each unique clinical term. If the API returns one or more valid codes,
they are associated with the corresponding disease.

When there is no match, a placeholder indication is assigned. This process ensures high-quality
mapping that is robust to terminological variations.

The result is a structured table that links disease terms from clinical trials to standardized ICD-
10 codes, increasing the interoperability and analytical value of the dataset.

This step is essential for standardizing terminology in biomedical studies and for integrating the

data with other sources that also use the ICD classification.

3.3 Model

3.3.1 Overview of the Approach

This paper is based on the framework of Zheng et al. (2025), with the aim of mitigating the
high costs associated with clinical trials, not only by improving the prediction of the outcomes
of these trials but also by reducing training costs both in terms of time and computational

resources.
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Figure 4: LIFTED Framework (Zheng et al. 2025)

A persistent challenge until this day lies in the increasingly complex datasets, particularly due
to the integration of multimodal data (e.g., molecular information, clinical trial documents) and
intricate structures such as SMILES, which are represented in graph form.

As a consequence, the integration of conflicting or heterogeneous knowledge into a single model
frequently limits the model’s performance and extensibility for new available and usable modal
data (Mu and Lin 2025).

In response, a comprehensive multimodal framework is proposed to predict the success of clin-
ical trials through the unification of data, both at the linguistic level, via LLMs, and at the

functional level, through a Mixture of Experts.

3.3.2 Data—to—Text Generation

At the linguistic level, the process is primarily a data-to-text generation for automatic annotation
and expansion, which transforms structured clinical trial data into descriptive natural language

for application in multimodal modeling.

For this purpose, the GPT-3.5 Turbo model was used, recognized as one of the key models by

Parthasarathy et al. (2024).
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Structured clinical trial data are converted into natural language to facilitate integration with
language-based models. This transformation follows a linearization strategy, in which each
tabular entry xi,kx_i,kxi,k is expressed as a column: value pair, using linearization with the

formula provided by Zheng et al. (2025):

Linearize(xhk) = {Ci,k 3xi,k} (1)

The linearized entries are embedded within prompts comprising two parts: a prefix describing
the schema and a suffix providing text generation instructions. This format enables LLMs to
recognize and describe the structure of input data effectively, consistent with methods discussed
in Agarwal, Joshi, and Rojkova (2025).

Output quality is maintained through prompt engineering techniques that constrain the output
format, remove stochastic variation temperature = 0, and ensure domain relevance. SMILES
strings are directly embedded into the natural language prompts, enriching molecular descrip-
tions and providing additional context during generation.

Unlike Zheng et al. (2025), SMILES representations were directly integrated into the CTOD
dataset during natural language conversion, enriching molecular descriptions and providing
structural context for model generation.

The result of this process is a textual description adapted to the required output type. For ex-
ample, for the brief_summary modality, the model generates a single sentence summarizing
the main objective of the trial, while for modalities such as text_description, the goal is to cre-
ate more comprehensive narratives addressing the primary clinical and structural aspects of the
study (see Appendix, Table A10).

Given the complexity and size of the data, the pipeline records both the input and the generated
output.

Additionally, progress is saved in reusable formats such as JSON (already processed) and pickle

(raw data).
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3.3.3 Multimodal Embedding and Encoding Strategy

At the core of the system, each data modalityranging from clinical narratives and eligibility
criteria to molecular and structured datais transformed into dense vector representations using
Transformer-based, domain-specific models. This approach preserves the semantic meaning of
each modality (Jurafsky and Martin 2023, pp. 101-131) and enables integrated modeling across
diverse inputs, including SMILES strings, drug and disease information, eligibility criteria, en-

rollment data, and descriptive text.

1. Textual Modality Processing

Text-based inputs such as eligibility criteria, drug names, and disease mentions are tokenized
using modality-specific tokenizers: for example, the bert-base-cased tokenizer is used for gen-
eral biomedical text, while Clinical BERT is employed for clinical narratives.

For eligibility criteria, sentences are split into inclusion and exclusion groups using rule-based
matching. Each sentence is then encoded using Clinical BERT (medicalai/ClinicalBERT),
a model pretrained on clinical corpora and configured for sequences up to 512 tokens.

The research utilizes a clinical language model pretrained with 256-token sequences, which has
demonstrated superior performance on long clinical text compared to Bio_ClinicalBERT, as
used by Zheng et al. (2025). This model selection ensures more robust processing of extended
eligibility, inclusion, and exclusion criteria, minimizing the risk of truncating important contex-
tual information.

During encoding, a special [CLS] token is prepended to each sentence and serves as a semantic
summary. The final hidden state of this [CLS] token is extracted from the models last encoder
layer, resulting in a 768-dimensional embedding per sentence. To represent the full eligibility

content of a trial, mean pooling is applied separately to the [CLS] embeddings of all inclusion
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and exclusion sentences, producing two 768-dimensional vectors. These are then concatenated
into a single 1536-dimensional vector, which preserves the distinct semantic structure of inclu-

sion and exclusion criteria while capturing the overall eligibility scope.

2. Molecular Representation

SMILES strings (representing molecular structures) are encoded using ChemBERTa ( seyonec
/ ChemBERTa-zinc-base-v1l). The output is passed through a linear projection layer to
map it into a shared 768-dimensional embedding space, allowing integration with other modal-

ities while retaining pretrained chemical knowledge.

3. Multimodal Integration and Efficiency

All other modalitiesincluding variations of SMILES, drug names, diseases, clinical narratives
(tables, descriptions, summaries), and enrollment dataare similarly embedded and projected into
the same 768-dimensional space. The eligibility vector remains 1536-dimensional. To ensure
computational efficiency and maintain consistency during model training, these embeddings are

cached after initial encoding and reused as needed.

4. Contextual and Positional Encoding

All textual encodings are contextual, meaning that each tokens embedding depends on its sur-
rounding tokens. To preserve word order, sinusoidal positional encodings are added to token
embeddings across all modalities. This ensures that the model understands sequence structure,
which is critical for tasks like eligibility matching and protocol understanding (Liu, Kusner, and

Blunsom 2020).
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3.3.4 Multimodal Fusion Architecture

To enable efficient integration of diverse clinical trial data, the MMCTO framework incorporates
a Sparse Mixture-of-Experts (SMoE) architecture composed of four specialized feedforward
subnetworks (experts), each trained to capture specific modality-level patterns. A learned gat-
ing mechanism dynamically assigns each input vector to the two most relevant experts based on
computed relevance scores. This top-k strategy (k = 2) activates only two of the four available
experts per input, significantly reducing inference cost while maintaining sufficient capacity for
complex multimodal reasoning.

The gating network computes expert selection scores through a linear transformation of the
input vector, followed by softmax normalization. To prevent overfitting and over-reliance on
specific experts, stochastic noise is injected during traininga technique shown by Shazeer et
al. (2017) to encourage exploration and promote more balanced expert usage. Drug and disease
embeddings are also incorporated into the gating input, providing contextual conditioning that
allows the model to adaptively route inputs based on the clinical setting and study characteris-
tics.

The outputs of the selected experts are then combined via weighted summation, with weights
derived from the gating scores. This context-aware fusion enables dynamic prioritization, such
as emphasizing molecular descriptors in oncology studies or exclusion criteria in metabolic tri-
als.

To prevent expert collapsea condition in which only a few experts dominate inferencethe model
includes an expert importance loss, a regularization term that penalizes uneven activation across
the expert pool. This encourages balanced usage and improves generalization across tasks and
modalities.

Fusion across expert outputs can be implemented via concatenation, weighted averaging, or
attention-based mechanisms. In MMCTO, contextual fusion is guided by drug and disease

embeddings, improving interpretability and aligning routing behavior with clinically relevant
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relationships.

3.3.5 Train and Evaluate

The MMCTO model is trained in a supervised manner using a combination of primary and
auxiliary objectives. The main loss function is binary cross-entropy (BCELoss), supported by
modality-specific auxiliary losses to promote balanced learning across all data sources and en-
courage robust, specialized representations (Mu and Lin 2025).

Regularization during MMCTO training includes several strategies to prevent overfitting and
promote balanced learning. These consist of dropout with a rate of 0.1 applied within each
Transformer encoder, Layer Normalization at key points to stabilize training in the absence of
Batch Normalization, and an expert importance loss that penalizes uneven expert activation to
ensure balanced utilization across the Sparse Mixture-of-Experts (SMoE) layer.

The model architecture integrates 2 Transformer layers, 8 attention heads, 2048 hidden units,
and ReLU activation, combined with the SMoE fusion mechanism to support both concate-
nation and weighted fusion in the final prediction stage. Optimization is performed using the
Adam optimizer with a learning rate of 2 x 1073, batch size of 16, and 20 training epochs, con-
sistent with established best practices in the literature (Parthasarathy et al. 2024).

All inputs are truncated or padded to fixed, modality-specific lengths, ensuring uniformity dur-
ing encoding and training. Evaluation is conducted at the end of each epoch on an independent
validation set to monitor performance and guide model selection.

To improve robustness and generalization, data augmentation techniques are applied, including
stochastic perturbation of embeddings with € = 0.1 and contrastive learning between original
and augmented samples.

During training and inference, expert activation patterns are logged, allowing researchers to vi-
sualize which experts and modalities contribute most to each prediction through attention scores

and activation weights.
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Model performance is evaluated using AUC, average precision (PR), and F1-score. These met-
rics are computed both per modality and per clinical trial phase (I, II, III) to account for differ-
ences in domain complexity. In addition, separate analyses are conducted to assess the individ-
ual predictive contribution of each modality (e.g., SMILES, eligibility criteria) and to compare
model performance across clinical phases. This provides deeper insight into the effectiveness of
the fusion strategy and highlights the computational efficiency benefits achieved through sparse

expert activation.

4 Results

To determine the effectiveness of the model in different scenarios, we conducted tests by phases
(Phasel, Phasell, Phaselll) in both HINT and CTOD datasets. And in the different modalities
individually and combined (our model) in order to test if it made a difference. Hint dataset
was divided into training, validation, and testing, while CTOD is divided only into training and

validation, in accordance with the framework of (Zheng et al. 2025)

4.1 LIFTED Model Performance Across Datasets and Modalities

Table 1: HINT Dataset: Modality-wise vs. Multimodal (LIFTED) Results

Phase I Phase 11 Phase III

PR F1 ROC PR F1 ROC PR F1 ROC
Summarization 85.39 87.59 67.78 62.38 56.46 50.08 75.52 52.04 0.42
SMILES 78.78 0 49.51 61.11 3.44 49.03 71.27 29.05 46.51
Description 74.03 5.72 45.22 67.91 75.17 58.11 74.11 82.39 53.2
Criteria 75.14 24.97 45.35 62.57 70.1 50.3 75.04 76.2 52.83

Enrollment 77.49 0 50 51.69 50 50 72.56 84.1 50
Diseases 80.54 87.09 56.99 57.44 51.34 44.31 74.19 51.1 53.63
Drugs 78.87 64.39 52.61 62.06 32.29 46.69 77.04 74.66 57.34
All (Lifted) 86.88 87.5 69.14 68.22 75.98 58.74 71.75 80.27 56.28
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Table 2: CTOD Dataset: Modality-wise vs. Multimodal (LIFTED) Results

Phase I Phase II Phase III
PR F1 ROC PR Fl1 ROC PR F1 ROC
Summarization 53.81 51.06 36.61 76.42 77.64 47.23 82.87 86.99 50.2
SMILES 78.89 2 50.66 78.95 0 50.84 83.38 90.24 53.61
Description 79.28 74.18 47.59 80.41 28.36 54.21 83.69 0.46 53.61
Criteria 78.53 39.55 51.66 77.82 25.06 49.52 83.2 0.46 51.47
Enrollment 64.03 3.64 20.52 62.2 4.89 17.77 68.74 0 52.65
Diseases 73.49 55.52 38.19 79.79 65.62 52.07 81.52 83.02 52.45
Drugs 79.15 58.02 50.69 79.37 47.77 52.35 83.2 35.27 51.85
All (Lifted) 91.58 86.01 77.52 85.57 82.18 63.31 91.15 90.3 72.91

The LIFTED model ("ALL(Lifted)") presents, in general, a superior and more robust perfor-
mance compared to individual modalities (Summarization, SMILES, Description, Criteria, En-
rollment, Diseases, Drugs) in the two datasets analyzed, HINT and CTOD.

This advantage is especially evident when compensating for the weak performance of some
isolated modalities, which sometimes have low F1 or uninformative ROC values.

The multimodal combination allows achieving higher F1-scores and better discrimination ca-
pacity (ROC), showing that integrating different sources of information is essential for more
reliable predictions.

In the CTOD dataset, the LIFTED model demonstrates strong and consistent performance
across all clinical trial phases. Similarly, in the HINT dataset, multimodal fusion leads to per-
formance improvements, though with greater variability across results.

Nonetheless, the observed gains in both datasets underscore the effectiveness of a multimodal

approach in enhancing predictive accuracy across varying clinical trial contexts.

27



Group Part

4.2 LIFTED Model Performance Against Baselines

The LITFED model, evaluated with the PyTrial framework, demonstrated superior performance

compared to baseline models (HINT, LR, MLP, and XGB) in the HINT and CTOD datasets.

Table 3: Baseline Model Performance vs. LIFTED on HINT

Phase I Phase 11 Phase III
PR F1 ROC PR F1 ROC PR F1 ROC
HINT 79.7 87.1 54.7 61.2 74.4 52.7 74.8 83.4 56.1
LR 78.1 87.4 51.7 60.3 74.5 48.5 72.4 83.9 50.5
MLP 77.6 87.2 51.8 62.1 74.5 523 71.7 83.5 49.6
XGB 77.4 87.2 48.4 58.7 74.3 52.7 72.1 83.5 51.3
All (Lifted) 86.88 87.5 69.14 68.22 75.98 58.74 71.75 80.27 56.28

Table 4: Baseline Model Performance vs. LIFTED on CTOD

Phase I Phase II Phase III
PR F1 ROC PR Fl1 ROC PR F1 ROC
HINT 83.1 84.7 66.4 77.2 80.5 584 83.0 85.4 67.5
LR 85.6 83.9 70.1 80.8 80.7 61.0 84.1 85.2 69.3
MLP 86.0 85.5 70.3 78.4 81.9 61.8 85.6 88.3 71.5
XGB 85.8 84.2 74.5 80.2 82.6 61.9 85.1 88.9 724
All (Lifted) 91.58 86.01 77.52 85.57 82.18 63.31 91.15 90.3 72.91

It stood out especially in Precision (PR) and Area under the ROC Curve (ROC AUC) metrics,
indicating greater discriminative capacity and precision in identifying positive outcomes.

In the HINT dataset, the model presented the best PR and ROC values across all phases of clin-
ical trials. Although the F1-score was competitive in Phases I and II, in Phase III other models,
such as HINT and LR, recorded slightly higher F1 values.

Still, the consistent performance in PR and ROC reinforces the robustness of the proposed ap-
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proach even in contexts with greater variability.

In the CTOD dataset, the results obtained by the LIFTED model were even more expressive.
The model presented the best results in PR, F1-score, and ROC AUC in most phases, with em-
phasis on Phase III, where it widely surpassed the comparative models.

A specific exception was observed in Phase II, where the XGB model obtained a marginally
close Fl-score.

In general, the results show that multimodal integration, combined with contextual fusion mech-
anisms and modality specialization, provides significant gains in performance, ensuring more

precise and stable predictions in different phases of clinical development.

4.3 Ablation Studies

Table 5: Ablation Results for Gating and LLM Components of LIFTED on HINT

Phase I Phase II Phase III
PR Fl1 ROC PR F1 ROC PR Fl1 ROC
LIFTED-gating 83.45 87.11 64.12 66.9 74.37 55.54 74.13 81.78 51.7
LIFTED-LLM 82.04 86.12 63.39 64.18 73.92 53.97 74.49 80.97 53.89
All (Lifted) 86.88 87.5 69.14 68.22 75.98 58.74 77.75 80.27 56.28

Table 6: Ablation Results for Gating and LLM Components of LIFTED on CTOD

Phase I Phase II Phase III
PR Fl1 ROC PR Fl1 ROC PR Fl1 ROC
LIFTED-gating 88.31 81.64 74.93 81.11 77.23 60.58 89.05 91.03 72.59
LIFTED-LLM 87.25 79.88 73.66 79.26 75.91 59.03 91.5 90.54 76.48
All (Lifted) 91.58 86.01 77.52 85.57 82.18 63.31 91.15 90.3 7291

To evaluate the contribution of specific components of the LIFTED architecture, ablation stud-

ies were conducted to determine the contribution of each feature modality.

In the "LIFTED-gating" variant, the gating weighting mechanism was altered to incorporate
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all input modalities, in contrast to the original configuration, which exclusively uses drug and
disease representations as control signal.

The comparative analysis reveals that the original, more selective gating strategy is not only
sufficient but also more effective, since the inclusion of multiple modalities in the gate input did
not result in significant performance gains and, in some cases, introduced instability.

In turn, the "LIFTED-LLM" variant, in which the natural language textual information gener-
ated by language models (summarization) was removed, evidenced the critical importance of
this component.

The elimination of summarization resulted in a consistent degradation in evaluation metrics,
reinforcing the central role of synthesized textual information in the overall performance of the
model.

Together, these results support the validity of the architectural choices implemented in the com-
plete version of the model, highlighting the relevance of both the conditioned gating strategy

and the incorporation of linguistic representations generated by LLMs.

5 Discussion

5.1 Study Limitations and Practical Constraints

A critical limitation of this study is its reliance on complete and high-quality data. The proposed
multimodal modelintegrating ICD codes, clinical trial eligibility criteria, and SMILES-based
molecular representationsis particularly sensitive to missing values, which can significantly re-
duce its predictive performance.

Another important limitation comes from the way the data was processed. Structured data in
CSV format was converted into JSON using large language models (LLMs), specifically GPT-
3.5-turbo. While this method helped in organizing and standardizing the data, it introduced the

risk of algorithmic hallucinationthat is, generating incorrect or non-existent informationwhich
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can affect the accuracy and trustworthiness of the dataset.

The use of GPT-3.5-turbo also involved considerable financial costs, especially when process-
ing large volumes of clinical trial data. Although open-source alternatives like LLaMA were
considered as lower-cost options for converting structured data into natural language, their use
was not possible due to the large size of the dataset, which exceeded the available processing
capacity. This limited the ability to explore more affordable or open-access solutions.

Another constraint is related to the datasets used: HINT and CTOD. Unlike HINT, the CTOD
dataset does not include important ADMET data (Absorption, Distribution, Metabolism, Excre-
tion, and Toxicity). As a result, these features could not be used in the final model, even though
previous studiessuch as that by Favita (2025)have shown that ADMET data can improve pre-
diction accuracy.

The model also faced challenges due to data imbalance. Both datasets contain significantly
more successful clinical trials than failed ones, thus complicating the models ability to learn
patterns and make accurate failure predictions (see Appendix, Table A8 and Table A9).

In addition, the model was developed to predict the outcome of interventional drug trials in
general, without focusing on any specific disease. Although this general approach makes the
model more widely applicable, it may miss important disease-specific factors that influence trial
outcomes, reducing the accuracy and detail of the predictions.

Finally, the high complexity and size of the data required significant computational resources.
The model was trained and executed using an NVIDIA GeForce RTX 4080 SUPER GPU with
16GB of memory, taking around 7 hours to complete. This makes the method less practical for

use in settings with limited computing power.

5.2 Strategic Implications of MMCTO for Key Stakeholders

The MMCTO model offers a major step forward in optimizing clinical trials. By combining

ICD codes, eligibility criteria, and molecular SMILES data, it creates a strong predictive tool.
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In testing, LIFTED achieved substantial performance improvements over traditional unimodal
methods, with average F1-score gains of 48.9, 27.6, and 23.7 points on the HINT dataset for
Phases I, 1I, and III respectively, and 45.4, 46.6, and 48.0 points on the CTOD dataset across
the same phases.

This improvement is practical MMCTO could help identify up to 15% of likely-to-fail trials
before patient recruitment begins. Since Phase III trials can cost between 11.5 and 52.9 million
(Sertkaya et al. 2024), avoiding even one failed trial could save significant resources, especially
in complex treatment areas.

MMCTO could also accelerate drug development. By supporting smarter decisions and better
recruitment, it may reduce trial duration by 15 to 30%, as demonstrated by similar Al applica-
tions in clinical development (McKinsey & Company 2023). Given that the average time from
Phase I to launch still stretches to a decade, such reductions could potentially save 1.5 to 3 years
in development timelines.

This benefits the entire ecosystem: researchers avoid wasted effort, companies improve out-
comes, regulators receive stronger data, and patients gain earlier access to therapies.

While implementation involves upfront investment of approximately 24,000$ to preprocess
100,000 entries using GPT-3.5-turbo, along with infrastructure and staffingthese costs may be
offset by substantial long-term benefits.

Current limitations, such as missing ADMET data and reliance on proprietary models Mu
and Lin (2025), highlight areas for further improvement. With effective stakeholder collabo-
ration and transparent communication about the model’s capabilities and constraints (Kappen

et al. 2018), MMCTO presents a viable and impactful tool for advancing clinical trial efficiency.

6 Conclusion

This thesis presents the MMCTO model, a multimodal framework developed to predict clinical

trial outcomes by integrating ICD codes, eligibility criteria, and SMILES molecular represen-
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tations. By transforming structured data into natural language using large language models
(LLMs), MMCTO enables effective fusion of diverse data sources, enhancing the models inter-
pretability and predictive power.

Across both the HINT and CTOD datasets, the model demonstrated consistent and robust per-
formance gains when compared to unimodal and baseline approaches. In particular, MMCTO
outperformed individual modalitiessuch as SMILES, disease descriptions, and eligibility criteri-
aby leveraging the combined strengths of each through contextual fusion. The model achieved
improvements of up to 8.7% in Fl-score in the HINT dataset and 6.2% in CTOD, alongside
strong results in Precision (PR) and ROC metrics. These results validate the effectiveness of
multimodal integration in improving trial outcome prediction.

Ablation studies further confirmed the importance of key architectural choices. Removing
LLM-generated summarizations consistently degraded performance, underscoring the value
of synthesized natural language in clinical data contexts. The specialized gating mechanism,
which selectively leverages drug and disease information for modality fusion, also proved to be
more stable and effective than broader alternatives.

In practical terms, MMCTO could help identify 10-15% of likely-to-fail trials before patient
recruitment begins. Given that Phase III trials can cost tens of millions of dollars, this early
insight has the potential to prevent significant resource loss. Furthermore, by enabling more
targeted trial design and patient selection, the model may reduce the typical 12-15 year drug
development timeline by 15-30%, accelerating delivery by up to 3.75 years.

These benefits extend across the entire clinical research ecosystemhelping researchers improve
efficiency, enabling companies to reduce costs and risk, and giving patients faster access to new
therapies.

Nonetheless, challenges remain. The models performance depends on the availability of high-
quality and diverse input data. Current limitations include the absence of certain pharmacolog-

ical features (e.g., ADMET data) and the reliance on proprietary language models, which may
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affect reproducibility and scalability. Computational demands, including multi-hour training
times on high-end GPUs, may also limit accessibility in some environments.

Future work should focus on integrating additional biomedical data sources, transitioning to
open-source LLLMs, and adapting the model to specific therapeutic areas. These directions will
further strengthen MMCTOs relevance and robustness in real-world clinical development sce-
narios.

In summary, MMCTO offers a promising, data-driven solution to many of the challenges in
clinical trial prediction. Through its use of multimodal integration and contextual language
modeling, it stands as a valuable tool for improving the accuracy, efficiency, and impact of

clinical research and drug development.
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7 An interpretative framework for predicting and explaining clin-

ical trial failures with a retrieval-augmented chatbot

7.1 Introduction

In the previous chapter, it was possible to observe that large language models enable many
challenging and time-consuming healthcare tasks to be easier, faster, and even automatic, hav-
ing outperformed traditional machine learning techniques.

However, there is still a challenge, especially regarding healthcare where queries are complex,
expertise is required for many unique use cases, critical information can be easily missed (Doe
and Smith 2024, VII), and where it is necessary to make decisions, which relates to the lack of
explainability (Chopra et al. 2023).

Large language models (such as ChatGPT, for example) learn patterns and properties in a dataset
so deeply that they can generate creative new variants inspired by the original (Jurafsky and
Martin 2023) and enhance clinicians ability to analyze and interpret vast amounts of research
datasuch as a patients medical history, clinical notes, discharge summaries, and morethey are
often regarded as "black boxes" because their intricate internal mechanisms function in a way
that is difficult to interpret or predict.

The lack of interpretability and explainability is problematic in medicine. There will be signifi-
cant reluctance to adopt LLMs in healthcare if we cannot understand how they generate specific
recommendations or diagnoses.(Doe and Smith 2024, 1-35).

To address this issue, the study focuses on developing a Retrieval-Augmented Generation sys-
tem that aims not only to predict the outcome of clinical trials but also to provide a brief expla-
nation of what led to them, offering suggestions for improvement in case of failure.

This derives from the fact that the RAG architecture, essentially composed of two components
retriever and generator - represents a synergy with the use of LLM. That is, it begins by retriev-

ing information or documents from an external database instead of relying solely on parametric
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knowledge obtained in the training phase, and subsequently, the generator utilizes both the orig-
inal query and the retrieved content to produce a response that is more accurate, fact-based, and
contextually relevant to the specific domain (Unlu et al. 2024).

Indeed, by providing the sources from which they collected the information, they lead to an in-
crease in explainability, allowing the user to better understand the model’s reasoning and verify
the validity of the information (Liu, Kusner, and Blunsom 2020).

This ability to increase transparency of reasoning is fundamental to building trust and facili-
tating adoption in critical domains such as medicine, where according to Johnson (2023), care
must be taken regarding who is using the chatbot.

In the case of medicine, it is crucial that LLMs are used by professionals in the field, who see
them as tools to augment their abilities, and who have the critical capacity to decide whether to
accept or reject the suggestion. As Unlu et al. (2024) and Holley and Mathur (2024) mention,
the use of these systems in clinical environments requires supervision and specialized knowl-
edge, as we are dealing with decisions that directly affect patients’ lives.

It is important to acknowledge that large language models function without genuine intelli-
gence, insight, or moral reasoning (Gupta, Chen, and Alvarez 2024).

As explained by Albrecht, Kitanidis, and Fetterman (2022), they only generate predictions
based on statistical patterns, without any semantic notion of content.

Their performance is heavily influenced by the quality of the training data, which often mirrors
real-world biasesa point highlighted by Minaee et al. (2024) and critically discussed by Binns
(2018) in the context of algorithmic justice.

This problem is aggravated by the presence of poorly curated data or content protected by
copyright, which raises legal and ethical risks, as also pointed out by Albrecht, Kitanidis, and
Fetterman (2022).

There is also a structural and environmental issue: LLMs require massive amounts of computa-

tion, both in training and use, which raises serious sustainability concerns (Minaee et al. 2024).
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Although RAG tries to mitigate the effect of hallucinations (Wang, Ong, Wang, et al. 2024),
these can still occur when the model fails to retrieve the desired chunks of information, leading
to the generation of content not grounded in the retrieved data or significantly divergent from
the provided context (Gupta, Chen, and Alvarez 2024).

In this work, a chatbot component was additionally integrated to handle user follow-up queries
more effectively. The developed RAG system was then evaluated to determine whether its re-
sponses remained strictly grounded in the curated dataset or incorporated information beyond

the provided sources.

7.2 Literature Review

Although LLMs have been gaining notoriety with the creation of ChatGPT in 2022, since 1950
when Alan Turing proposed the use of natural language as a way to evaluate intelligence in
machines scientists have been exploring this idea, trying to create models capable of fluid and
natural interactions with humans.

However, it was in 2017 that the topic had significant technical recognition with the publica-
tion of Attention is All You Need by Vaswani et al. (2023), which introduced the Transformer
architecture. This architecture propelled attention to the forefront of innovation, quickly be-
coming the core of state-of-the-art systems in NLP, especially with the current framework of
pre-training on large volumes of generic data and subsequent fine-tuning for specific tasks (Mi-
naee et al. 2024).

LLM-powered chatbots have revolutionized the world, and medicine was no exception. Various
initiatives have been developing in this industry, nevertheless they have not failed to emphasize
the challenges associated with them - as addressed in the introduction, such as:

Unlu et al. (2024), introduced RECTIFIER, a clinical triage system based on the Retrieval-
Augmented Generation (RAG) framework, with GPT-4 aiming at automating patient selection

for clinical trials. For this purpose, they analyzed unstructured clinical notes to evaluate inclu-
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sion and exclusion criteria (EHR), having obtained excellent results, both in terms of sensitivity
(92.3%) and specificity (93.9%), thus contributing to increased efficiency and precision in pa-
tient screening. However, they elucidate the need for continuous human validation and ethical
considerations in the automation of clinical decisions.

Jin et al. (2023)introduced Trial GPT, which integrates RAG into a chatbot with the goal of
matching patients and clinical trials. The pipeline/framework was based on three main pillars:
first, they proceeded with large-scale trial filtering (Trial GPT-Retrieval), followed by prediction
of patient eligibility at the criteria level (Trial GPT-Matching), and finally, ranking of scores at
the trial level (TrialGPT-Ranking). Although they obtained gains in scalability and accuracy,
the authors also point to challenges such as integration of heterogeneous sources and privacy of
clinical data.

Similar to Jin et al. (2023), Sharma and Garg (2025) also established a comparison between
RAG and Large Context Models (LCM) in chatbots focused on clinical trials. Although the
complete content was not available, the authors propose that the use of RAG can increase the
quality of interactions with trial participants, improve data collection, and offer more accurate
and personalized support compared to conventional contextual models.

With the aim of augmenting doctors’ competencies,Wang, Ong, Wang, et al. (2024) explored
the use of large-scale language models combined in RAG in clinical decision support systems,
with special focus on preoperative medicine.

The study demonstrated that artificial intelligence can exceed physician performance in evalu-
ating a patient’s readiness for surgery, delivering assessments that are both highly accurate and
consistently reliable across various preoperative evaluations.

This supports the hypothesis that LLM-RAG models can serve as effective tools to assist clini-

cians, enhancing clinical efficiency and reducing the burden on healthcare professionals.
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7.3 Methodology
7.3.1 Dataset

With the objective of building a focused and computationally efficient knowledge base for use
in RAG (Retrieval-Augmented Generation) based systems, a systematic data curation process
was carried out covering all phases of clinical trials (I, II, and III) and dataset divisions (training,
validation, and testing).

In contrast to typical dynamic RAG pipelines, the knowledge bases used here are static, as the
data for both training and inference has been preprocessed and is treated as up-to-date. To re-
duce computational overhead and memory consumption, the curation process was based exclu-
sively on CSV files, deliberately excluding JSON representations due to their heavier structure.
Additionally, only clinical trials categorized in the 'NEO’ (neoplasms) domain were maintained,
as this category not only presented the largest sample size, but also the highest proportion of
trials classified as unsuccessful (label = 0), making it particularly valuable for binary outcome
prediction.

To ensure data consistency and usability, each file was checked for duplicate entries based on
the NCT Number field, although no duplicates were found. Rows with missing prediction val-
ues in the prediction column were removed, as these would compromise the effectiveness of
training and evaluation.

The original combined dataset contained a total of 2,562 NEO-related trials across all phases
and divisions. After filtering 1,017 entries with missing predictions, the final curated dataset
comprised 1,545 clinical trials: 955 in Phase I (from an initial total of 1,205), 1,306 in Phase
II (from 1,757), and 408 in Phase III (from 552).

These cleaned and consistent datasets by phase now serve as a static knowledge base for the
RAG-based pipeline, offering a lightweight but robust resource, specifically adapted to oncol-

ogy and designed to support semantic retrieval and predictive generation tasks.
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7.3.2 Architecture

Building a robust knowledge base for clinical trial data analysis and outcome prediction re-
quired an essential step of data curation and preparation. This dissertation was based on the
framework proposed by Ong, Wang, Wang, et al. (2024), integrating the LangChain library
as a central engine that coordinates tools such as Pandas, SentenceTransformers, FAISS, and
OpenAl, allowing for modular and efficient development of RAG (Retrieval-Augmented Gen-
eration) pipelines, as highlighted by Singh, Cuenca, and Chase (2024).

The process begins with the acquisition and rigorous pre-processing of data in .csv format,
including the normalization of fields such as eligibility criteria and the consolidation of infor-
mation by clinical trial. Each entry is converted into a unified descriptive text, enriched with
essential metadata (ID, phase, actual and predicted results) and encapsulated as a LangChain
Document object. These elements become fundamental for future filtering and for providing
context during information retrieval.

Each document is then transformed into a dense vector (embedding) through the all-MiniLM-
L6-v2 model, from the Sentence-BERT family, using integration with HuggingFaceEmbed-
dings. The quality of these embeddings is critical for the effectiveness of semantic retrieval.
The vectors are stored and indexed in a FAISS index, efficient for large volumes of data and
optimized with metrics such as L2 (Douze, Johnson, and Jégou 2024).

Given a query, the system converts it into an embedding and identifies the three most semanti-
cally relevant trials.

The retrieved documents are combined with the original query in a structured prompt that in-
structs the LLM to act as a specialist, providing a grounded prediction, explanation, and analysis
of risk and success factors. The stuffing technique was used, suitable for the limited number of
documents, ensuring that all relevant information would fit within the context window.

This RAG approach allows the LLLM to generate precise and contextualized responses, based

on specific evidence and not just on the generic knowledge of the model. The ability to present
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the source documents increases transparency and confidence in the results.

As a final component, an API was developed with Flask, which exposes an endpoint to receive
queries via JSON and return the generated responses, including the identifiers of the trials used.
This structure facilitates integration with external applications and web interfaces, reinforcing
the applicability of the system in real clinical decision support scenarios.

The backend was connected to a user-friendly chatbot built with Streamlit, allowing users to ask
questions and get real-time responses from the model. Each reply includes not only a prediction
but also the source documents used to generate it.

Conversations are saved in structured logs for easy tracking, and basic guardrails were added to
handle errors and ensure safe responses. The proposed architecture is illustrated in the following

pipeline:

Document

<> Embedding
Data Documents Embedding
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System

O_' Chatbot Embedding )
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Figure 5: RAG Pipeline

7.4 Results

To assess the effectiveness of the Retrieval Augmented Generation (RAG) system developed,

the RAGAs (Retrieval Augmented Generation Assessment) framework was chosen.
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This methodological choice is justified by the absence of a medical ground truth validated by
specialists.

According to Es et al. (2023), RAGAs allows for a reference-free evaluation, crucial in this
context.

Given the limitation imposed by the absence of ground truth to validate the relevance of each
retrieved document, the evaluation focused exclusively on the performance of the generator
component of the RAG pipeline. Metrics such as context_precision and context_recall, which
evaluate the retriever module, were disregarded.

Thus, the retrieved contexts were assumed as input for the generator, and the quality of the re-
sponse produced from them was the focus of the analysis, using the metrics faithfulness (factual
fidelity of the response to the context) and answer_relevancy (relevance of the response to the
question) from RAGAs.

For a clearer understanding of the results, it should be emphasized that three distinct queries

were submitted to the system.

Table 7: Faithfulness and Answer Relevancy Scores for Each Query

Query Faithfulness | Answer Relevancy
Query 1 0.95 0.82
Query 2 0.13 0.86
Query 3 0.52 0.89

The first query (see Appendix, Table A11) had as its main focus extracting failed trials to inform
the design of a new study, and presented a very high faithfulness score (0.95), indicating that
the response was highly consistent with the data from the retrieved trials.

The answer_relevancy was also satisfactory, which demonstrates that the system understood the
user’s intention well.

In contrast, the results from the second query (see Appendix, Table A12) show that the model

demonstrated very low fidelity (0.13) when performing an analytical task based on similar his-

42



Carolina Aparicio

torical evidence. This suggests that the system may have generated hallucinated content while
attempting to justify the trials successpotentially extrapolating beyond the available data when
presented with hypothetical scenarios. This behavior could also be partially attributed to the use
of a temperature setting of 0.4.

However, the answer_relevancy remained high (0.86) which implies that the response was still
considered relevant to the question, despite the factual inaccuracies.

Similar to the first query, the third and last (see Appendix, Table A13) predictive analysis for
a different condition (Crohn’s disease) testing generalization had an intermediate performance
in faithfulness (0.52), which indicates some consistency although with room for improvement.
The answer_relevancy was the highest among the three (0.89), demonstrating that the system

understood the objective of the question, even in a slightly different domain.

7.5 Discussion

7.5.1 Study Limitations and Practical Constraints

During the development of RAG, limitations were identified that open the way for future im-
provements.

One of the main difficulties was related to the document division strategy. Initially, fixed-size
chunking (RecursiveCharacterTextSplitter) was adopted, but the resulting blocks were often
too short, not capturing the necessary context for complete answers. Subsequently, semantic
chunking (SemanticChunker) was explored, which although better preserves thematic cohe-
sion, sometimes originated hallucinatory responses, not correctly capturing the content of the
available data.

This phenomenon may be due to the fact that not all chunks contained sufficient information or
were adequately structured, which is consistent with the literature of Gao et al. 2025

Another limitation was related to the language model used. GPT-3.5 turbo revealed limitations

in analytical and predictive tasks, even with relevant contexts. In addition, the costs associated
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with proprietary LLLMs represent an obstacle to large-scale adoption (OpenAl, n.d.).

Regarding embeddings, the generic model all-MinLM-L6-v2 was used. However, the special-
ized nature of clinical language suggests that models such as Clinical BERT or BioBert, trained
on biomedical texts, could generate more adequate representations, improving retrieval.

Last but not least, it was conducted with the RAGAs framework, which allows evaluating re-
sponses without the need for reference ground truth a limitation of this paper. The metrics used
focused on fidelity to context (faithfulness) and relevance of the response (answer relevancy).
Although useful, these do not replace human validation by specialists, essential to evaluate the

clinical accuracy of the system.

7.5.2 Strategic Implications of RAG for Key Stakeholders

Despite its limitations, the system provides significant value to stakeholders in clinical research
and development. It enables rapid access to reliable, evidence-based insights drawn from a cu-
rated and semantically indexed dataset of oncology trials, supporting more informed decisions
in trial design, feasibility analysis, and risk assessment.

By delivering transparent, grounded responses accompanied by source documents, the system
facilitates early-stage hypothesis exploration and protocol refinement without the time invest-
ment typically required for systematic literature reviews.

Its modular architecture, low-latency performance, and API-based integration also makes it well
suited for deployment within existing research and decision-support environments. For industry
partners, this can translate into meaningful reductions in development timelines and costs. For
clinical researchers, it offers a rapid way to explore patterns in trial outcomes.

The planned incorporation of interpretability features from the MMCTO model, such as modality-
specific contribution weights and input influence indicators, further enhances the potential of the
system.

These capabilities could provide clearer insights into the factors driving trial outcomes, improv-

ing transparency, trust, and alignment with regulatory and clinical expectations.
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In light of these challenges, future work could focus on adding interpretability through compo-
nents of the MMCTO model. Features like the gate_fc layer, which indicates how much each
data source contributes to a prediction, and the SMOE encoder, which identifies the most influ-
ential inputs, would make the system more transparent.

This could offer researchers clearer insights into the underlying factors behind predicted trial

outcomes.

7.6 Conclusion

This study aimed to design and implement a RAG-based system for clinical trial outcome pre-
diction in oncology, providing evidence-based insights while addressing the explainability lim-
itations of standalone LLMs in healthcare applications.

Findings showed that the system successfully retrieved relevant trial documents and generated
contextually grounded responses with high faithfulness scores for specific queries, though per-
formance varied depending on query complexity.

Challenges included potential hallucinations when retrieval fails, vector indexing quality issues,
and the ongoing requirement for human oversight in clinical decision-making.

The system could potentially offer benefits for stakeholders: industry partners might achieve
more efficient trial design and risk assessment processes, while clinical researchers could gain
a method to explore outcome patterns more rapidly than through traditional literature reviews.
Future research should focus on empirically validating these potential benefits, improving re-
trieval precision, and developing more robust evaluation frameworks incorporating domain ex-

pert validation.
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Appendix

Table A8: Summary statistics for HINT dataset across phases and splits

Dataset Phase Split # Trials Unique U-nlque # Success # Failure
Drugs Diseases
I Test 1160 329 714 897 263
HINT Train 5417 1256 2665 4640 777
Valid 1159 385 754 910 249
I Test 1449 442 1123 863 586
Train 6761 1273 3549 5393 1368
Valid 1452 470 1134 1073 379
I Test 893 341 679 641 252
Train 4165 897 2251 3601 564
Valid 894 365 709 726 168
Table A9: Summary statistics for CTOD dataset across phases and splits
. . Unique Unique .
Dataset Phase Split # Trials . # Success # Failure
Drugs Diseases
CTOD I Tra?n 4016 1752 1271 3326 690
Valid 1006 623 447 820 186
II Train 3572 2055 2101 4112 1278
Valid 1348 754 712 1028 320
11 Train 3572 1563 1415 3004 568
Valid 893 565 503 741 152




Table A10: Examples of Prompting.

Linearization Summarization

phase: PHASE1, PHASE2; diseases: This sample is for a clinical trial with phases 1
['Irritable =~ Bowel  Syndrome’]; drugs: and 2. The trial focuses on patients with Irritable
[’saccharomyces cerevisiae’]; smiles: Bowel Syndrome (IBS) and involves the drug

[CC(C)CCC[Ce @H](O)[Ce@]1([H))CC[Ck @]
2([HDC(CCC[C@]12C)=CC=CIC[C@ @H]
(O)CCC1=C’]; icdcode: [’ D6861°]; criteria:
Inclusion Criteria: * Male and female patients
between 18 and 75 years of age, * Patients
having confirmed IBS according to Rome IV
criteria (newly and previously non-responder
to treatment), * Pain/discomfort score strictly
above 1 and strictly below 6 as determined on
a pain/discomfort scale using arbitrary grading
from O to 7 in 7 days preceding the inclusion visit,
* Not hypersensitive to any of the ingredients of
the drug. Exclusion Criteria: * Patients with an
organic intestinal disease (Crohns disease, ulcera-
tive colitis, etc.), * Pregnant females, * Treatments
likely to influence IBS (anti-depressants, opioids,
and narcotic analgesics), * Patients with chronic
alcoholism, vegetarian or vegan regimens, *
Eating disorders such as anorexia or bulimia, *
Documented food allergies.

saccharomyces cerevisiae. The drug’s chemical
structure is represented by the SMILES string
"CC(C)CCC[C@ @H](O)[C@@]1([HHCC[Ce @]
2([HDC(CCC[C@]12C)=CC=C1C[C@ @H]
(O)CCC1=C”, and the trial is associated with
the ICD-10 code 'D6861°.The eligibility criteria
include patients between 18 and 75 years old with
confirmed IBS according to Rome IV criteria,
experiencing a specific level of pain/discomfort,
and not hypersensitive to any drug ingredients.
Exclusion criteria involve patients with certain
intestinal diseases, pregnant females, those on
specific treatments, chronic alcoholism, specific
dietary regimens, eating disorders, and docu-
mented food allergies.
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Figure 6: Top 8 CCSR Categories for each dataset split.
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Table Al1: queryl

Query

Answer

Context

As a medical
researcher preparing
a clinical trial for
Lung Cancer
disease, I need to
gather information
about past clinical
trials that achieved a
prediction score of
0.4 or below.
Specifically, 'm
interested in the
enrollment numbers
of these trials.
Could you provide a
list of Lung Disease
clinical trials, along
with their
enrollment figures
and key context such
as inclusion criteria,
trial phase, or type
of intervention?
This information
will help me assess
the necessary
enrollment size to
optimize the success
of my own trial.

The clinical trial NCT00527982 is
likely to FAIL. The trial has an
enrollment of only 1 participant,
which is significantly lower than
typical clinical trial sizes. This
small sample size may not provide
enough statistical power to draw
meaningful conclusions or
generalize the results to a larger
population. Additionally, the trial
has strict exclusion criteria, such as
a history of radiation therapy to the
chest, systemic chemotherapy,
active pulmonary infections, and
other medical conditions, which
could limit the pool of eligible
participants and potentially impact
the trial’s success. The trial phase is
II, which indicates it is still in the
early stages of testing. Overall, the
limited enrollment, strict exclusion
criteria, and early phase of the trial
suggest a higher risk of failure.

Clinical trial NCT Number:
NCT00527982. Phase: II.
Enrollment: 1 participant.
Diseases: ["Head and Neck
Cancer’, ’Lung Cancer’].

Drugs: [’celecoxib’].

Eligibility Criteria: Inclusion:
1) Histologically proven
NSCLC/HNSCQC, treated within
the last 12 months. 2) Age > 18.
3) Smoking history > 10
pack-years. 4) Performance
status < 2. 5) No
contraindications for
bronchoscopy. 6) No active
pulmonary infections. 7) Not
taking NSAIDs. 8) Adequate lab
values. 9) Consents to biopsy
and blood samples. 10) Women
must test negative for pregnancy.
11) Not hypersensitive to
ingredients. 12) Must be legally
capable of giving consent.
Exclusion: Prior radiation to
chest, systemic chemotherapy,
active ulcers, infections,
intercurrent illness, chronic
NSAID use, allergies to
aspirin/sulfa, high-dose
antioxidant/vitamin use,
pregnancy, cardiovascular
disease, diabetes, coagulation
disorders, or family history of
early CAD.

ICD Codes: [’C470’, None].
SMILES:
[COC1=CC=C(C=C1)C(=0)CC..
Model Score: 1.3658e-05.
Actual Outcome: 0 (Failure).
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Table A12: query2

‘ Query

Answer

Context

Task: Design a

clinical trial for Lung

Cancer. Need: Predict

likely outcome

(success/failure) based

on given trial setup

and explain.

Trial Details:

* Disease: Lung
Cancer

¢ Enrollment: 150
participants

¢ Intervention:
DrugX (novel
EGFR inhibitor)

 SMILES:
CclccceclC (=0)

¢ ICD Codes: C34.9,
J44.9

¢ Inclusion: Stage
IIB/TV NSCLC,
ECOG 01,
measurable disease
per RECIST 1.1, no
prior systemic
therapy

* Exclusion:
EGFR/ALK
mutations (unless
targeted), active
brain metastases,
significant
uncontrolled
comorbidities, prior
investigational
treatment

1. Prediction of Trial Outcome: The

clinical trial is likely to succeed.

2. Explanation:

¢ All referenced past trials resulted in
successful outcomes (label = 1)

* Diseases targeted (NSCLC,
Adenocarcinoma) match the current
one

¢ Drugs used previously showed

positive results

150-participant enrollment is within

successful range

3. Risk Factors:

* Inadequate sample size or participant

dropout

* Patient comorbidities or previous
treatments

4. Success Factors:

* Prior trials with similar setup
succeeded

* Drugs previously effective

 Strong inclusion criteria

Clinical trial NCT Number:
NCT00600821 Phase: II Enrollment: 118
participants Diseases: [’Non-Small-Cell
Lung Carcinoma’, ’ Adenocarcinoma’]
Drugs: [’bevacizumab’, *carboplatin’,
"paclitaxel’, ag-013736 (axitinib)’]
Eligibility Criteria: Inclusion: 1. Advanced
non squamous cell, lung cancer 2. No prior
treatment for lung cancer except prior
adjuvant therapy if last dose was >12
months prior to enrollment Exclusion: -
Prior therapy for advanced lung cancer - The
need for blood-thinners - Coughing up blood
ICD Codes: ['C220’] SMILES:

[H] [N] ([H]) ([H]) [Pt]1(OC(=0) ..
Outcome: 1

Clinical trial NCT Number:
NCT00940069 Phase: II Enrollment: 60
participants Diseases: [’Non-small-cell
Lung Cancer’, Adenocarcinoma’] Drugs:
[’pemetrexed’] Eligibility Criteria:
Inclusion: - Histologic or cytologic proof of
advanced lung adenocarcinoma - Primary
treatment - Normal organ function - ECOG
performance status O to 2 Exclusion: -
Symptomatic brain metastases - Major organ
dysfunction - Severe heart disease ICD
Codes: [’C8300’] SMILES:

[(H] [N] ([H]) ([H]) [Pt] (C1) (C1l) [N]...

Outcome: 1

Clinical trial NCT Number:
NCT00404924 Phase: III Enrollment: 1140
participants Diseases: [’Non-Small-Cell
Lung Carcinoma’] Drugs: ['zd6474
(vandetanib)’] Eligibility Criteria:
Inclusion: - Patients with NSCLC for which
standard treatments are no longer
appropriate Exclusion: - Systemic cancer
therapy within 4 weeks - Three or more
prior chemotherapy regimens ICD Codes:
[’C220’] SMILES:

COC1=C (OCC2CCN (C)CcC2)C=C2..
Outcome: 1
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Table A13: Query 3

Answer ‘ Context

‘ Query

1. Prediction of Trial Outcome: The | Clinical trial NCT Number:

Task: Analyze and
summarize clinical
trial outcomes for
Crohns Disease.
Need: Identify
common factors
associated with trial
success or failure.
Trial Setup:
¢ Disease: Crohns
Disease
¢ Enrollment:
65-121 participants
¢ Inclusion:
Confirmed CD,
CDAI 220-450,
prior treatment
history
¢ Exclusion: UC,
short bowel
syndrome, live
vaccines, pregnancy

clinical trials are likely to succeed.
2. Explanation:

Trials used focused eligibility for
Crohns diagnosis and severity
Diverse drug interventions were
employed

Enrollment sizes (65-121) were
statistically sufficient
Confounding conditions were
excluded through criteria

. Risk Factors:

Non-compliance with protocols
Drug intolerance or adverse events
Development of malignancy
Medication adherence issues

. Success Factors:

Specific inclusion criteria

Prior treatment failure as prerequisite
Targeted therapies with diverse
mechanisms

NCT02513459 Phase: II Enrollment: 65
participants Diseases: Crohns Disease
Drugs: risankizumab 600 mg IV, 180 mg SC
ICD Codes: D47Z2 SMILES:
NC1=C2NC=NC2=NC=N1 Outcome: 1
Inclusion: Completed NCT02031276 with
CDAI response/remission Exclusion:
Non-compliance, intolerance, malignancy,
pregnancy, live vaccines

Clinical trial NCT Number:
NCT01466374 Phase: II Enrollment: 121
participants Diseases: Crohns Disease
Drugs: bms-936557 (anti-ip-10 antibody)
ICD Codes: D4772 SMILES:

[H] [C@RR]12C[CRH] (O) ... Outcome:
1 Inclusion: Confirmed CD 3 months,
CDALI 220450, failed prior therapies
Exclusion: UC, short bowel syndrome,
strictures, ostomy
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