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Abstract (100 words maximum) 

 

This study investigates predictive modeling of clinical trial completion using the HINTBasic 

and HINTPlus models. By integrating multimodal datasets, the models predict clinical trial 

phase success. It provides interpretability insights into the HINTPlus model's decision-making 

process. To enhance reliability, a selective classification technique addresses uncertainty 

quantification. Our findings support informed decision-making, optimize resource allocation, 

and accelerate drug development in clinical trials. 
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1. Introduction 

20 million new cases and 9.7 million deaths. These are the numbers reported by the World 

Health Organization (WHO)’s cancer agency (2024), describing the state of the growing 

worldwide burden of cancer in 2022. Their analysis also shows that 1 in 5 people develop cancer 

in the span of their lives. A look into the future suggests that over 35 million new cases are 

predicted in 2050, which is a 77% increase in comparison to the estimated 20 million cases in 

2022. According to Dr. Adams, the Head of the Union for International Cancer Control, 

governments need to facilitate cancer care, so that all humans have access. Yet he also 

highlights the progress which has already been made in early detection of cancer as well as their 

treatment. One way to access the newest, most innovative treatments is through participation in 

clinical trials. For example, Singh et al. (2016) demonstrated the impact of clinical trials in 

cancer treatment, a type of blood cancer called acute lymphoblastic leukemia, which led to 

remission rates of 90%. To understand clinical trials in a broader way, we will now dive deeper 

inter their inner workings, as well as their impact on the market.  

Clinical trials are a multi-phase process designed to assess the safety and efficacy of new drugs 

or treatment modalities before the official approval by the authorities for public use (Hay et al, 

2014).  

Clinical trials are an essential element of the drug development process, and their importance 

cannot be overstated, as they stand as the gold standard in medical research (Ghim & Ahn 

2023). Despite their critical role, the process of conducting a trial carries a long list of inherent 

complexities, high costs, and time-consuming nature. 

Indeed, the strict regulatory compliance (dictated by regulatory bodies such as the U.S. Food 

and Drug Administration (FDA) and the European Medicines Agency (EMA)) imposes 

rigorous standards to ensure both safety and reliability.  The regulatory landscape additionally 

involves the adherence to Good Clinical Practice (GCP) guidelines and the observance of 
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ethical considerations such as informed consent, patient privacy, and the use of placebos 

(National Institute of Health, World Health Organization).  

Clinical trials are typically divided into Phases I, II, III, and IV. Phase I trials primarily focus 

on determining the safety of a new drug and identifying potential side effects, often involving 

a small group of healthy volunteers or patients. Around 20-80 patients are involved in this phase 

(National Institute of Health). However, only 70 % of these patients will progress to the next 

stage in 3-6 months. Phase II trials expand the focus to evaluate the efficacy of the drug and 

further assess its safety, usually involving a larger group of patients with the target condition. 

Phase III trials aim to confirm the drug's efficacy, monitor side effects, and compare it to 

existing standard treatments, involving a much larger patient population to ensure statistically 

significant results (Chopra et al 2024, 4212). In fact, Phase III is subject to 10 times more 

participants in comparison to Phase II, to establish efficacy, monitor adverse effects as well as 

compare the results to other treatments (National Institute of Health; Getz et al. 2016). This 

process has a duration of 1 to 4 years and only one fourth of participants will progress to the 

next phase (Chopra et al. 2024, 4212). 

Phase IV trials are completed trials that study the side effects caused over time by a new 

treatment after it has been approved and is on the market. These could also be referred to as 

post marketing surveillance trials.  The aim is to look for side effects that have not been detected 

in earlier phases of trials and may also assess the performance of a new treatment over a long 

period of time (National Cancer Institute). This phase might take a year or more to come to an 

end and it has a success rate of 70-90% (Chopra et al. 2024, 4212). 
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This essential process is also one of the most resource-

intensive components of drug development in terms of 

both financial and time perspective. Indeed, the 

average time to bring a new drug to market exceeds a 

decade, while the total development is estimated to be 

$2.6 billion, with clinical trials accounting for a major 

part of these expense (DiMasi et al. 2016). 

 

 

1.1 Recent Industry Insights 

With regards to the market trends, it can be stated that the clinical trials field is expected to be 

thriving in the next decade, and major investments are being placed to favor the development 

of AI practices aimed at achieving improved efficacy and reducing expenditure. Recent industry 

reports provide valuable insights related to the current state and future projections of the 

industry. 

An industry report by the Global Market Insights from 2024 has shown that the global clinical 

trials market has been valued at approximately $ 55.8 billion in 2023, with an annual growth 

rate (CAGR) of 5.4 %. This will lead to it reaching a value of around $ 89.8 billion by 2032. 

(2024) have estimated that the global clinical trial market has been valued at $ 57.76 billion in 

2023, and it is expecting a CAGR of 7.1 %, therefore reaching $ 106.78 billion by 2032. 

(Faizullabhoy et al. 2024) 

A closer look at clinical trials suggests that Phase III trials dominate the market, accounting for 

53.3 % of the total revenue share in 2023. Phase II trials are also significant, with the segment 

projected to lead the market, accounting for the largest revenue of $ 23.4 billion in 2023 (Grand 

View Research 2024).  A huge priority in treatments is oncology as it remains a primary focus, 

Figure 1 - Clinical Trials Cost distribution (Clinical 
Research IO 2018) 
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with a substantial number of trials initiated in this area. Other significant therapeutic areas 

include central nervous system disorders, cardiology, and infectious diseases (Grand View 

Research 2024). 

The market also experiences a shifting focus when it comes to countries and regions in which 

these clinical trials are carried out. Europe's share of global commercial clinical drug trials 

shows a significant decrease, declining from 22 % in 2013 to 12 % in 2023. On the contrary, 

China has doubled its share, accounting for 18 % of the global total, while the US remains the 

leader despite a slight decrease. This might be explained by pharmaceutical companies favoring 

US and China for their more straightforward regulatory environments (Financial Times 2024). 

1.2 Limits of Clinical Trials 

While clinical trials are crucial for drug development, they are also limited by several 

constraints, primarily related to financial resources and time.  

From an historical point of view, the cost of clinical trials has grown significantly over the past 

few decades. Specifically, it doubled every nine years since the 1950s, following a trend 

described by the Eroom’s Law, the reverse of Moore’s Law (Scannell et al. 2012).  

Furthermore, Phase III clinical trials account for most of the expenditure, with cost spanning 

between $11 million and $52 million, depending on the therapeutic area and the study 

requirements (Mestre-Ferrandiz et al. 2012).  

Another element that could enhance the overall financial burden is represented by the large-

scale patient recruitment and the need for extensive data collection (Getz et al. 2016).  

In terms of duration, clinical trials are notoriously lengthy. For instance, the average duration 

of each phase is approximately 6 or 7 years, even though later phases often exceed this 

estimation; hence, the total development process timeline exceeds the decade and could reach 

15 years (Wouters et al. 2020). Likewise, the process of patient recruitment is another major 

challenge. Finding suitable candidates who meet all the eligibility criteria is extremely time-
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consuming and maintaining participant retention throughout the duration of a trial can be 

equally difficult. The process of patient recruitment often involves identifying individuals who 

meet strict inclusion and exclusion criteria, which may include factors such as age, gender, 

medical history, and current health status. This can be further hindered by a lack of awareness 

or understanding of clinical trials among potential participants, as well as logistical challenges 

such as travel requirements, and the time commitment involved in participating in a trial 

(Bieganek et al. 2022). This is enhanced in the case of trials focused on rare disease or 

demographic-specific studies, where the pool of eligible participants is already limited. 

Moreover, it is to be emphasized that the relevant failure rate of clinical trials. Failure root 

causes may include a broad variety of diverse factors, which range from the lack of efficacy or 

unforeseen safety issues to difficulties in managing the complexities of trial design (Getz et al. 

2016; DiMasi et al. 2016).  

1.3 Literature Review and Limitations of Existing Models 

Artificial Intelligence has the power to be a real shift in the medical field as it could be able to 

accelerate the efficiency, economy and timeliness of drug development. In recent years, there 

have been notable advancements in artificial intelligence (AI) and machine learning, which 

have brought innovative techniques to the field of clinical trials, offering solutions to overcome 

challenges (Chopra et al. 2024).  

AI-driven models have proven their ability to optimize various aspects of trials processes, such 

as patient recruitment, outcome prediction, and synthetic data generation. Specifically, the 

integration of Large Language Models (LLMs) has meaningfully facilitated the process by 

analyzing large datasets, thereby improving trial design and forecasting outcomes (McKinsey 

2024).  

The models developed in latest years, such as those developed by Kavalci & Hartshorn (2023), 

have delivered promising methodologies for predicting trial success and preventing early 
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terminations. AI practices also suggested hypothetical resolutions to address the challenges of 

patient recruitment and retention. Indeed, through the examination of electronic health records 

(EHRs) and other real-world data, AI models can be leveraged to identify participants who fulfil 

eligibility criteria for a given trial, thus streamlining the recruitment process. Their predictive 

ability could also be employed to forecast patient drop-out rates and detect factors that may 

influence retention at an early stage, therefore letting trial organizers take proactive measures 

to preserve high engagement. Similarly, AI-driven approaches have been hired with the purpose 

of enhancing trial efficiency, by simulating diverse scenarios in which parameters such as 

dosage, sample size, and endpoint selection have been varied accordingly. These techniques 

evidenced their capability to shorten trial timelines and improve the overall efficiency of the 

drug development process (Lu et al. 2024). According to a study conducted by McKinsey in 

November 2023, the integration of AI into clinical studies might potentially reduce trials 

timeline by 15-30%.  

Despite the enormous advancements, the models proposed thus far also have several limitations. 

A primary obstacle lies in the reliance on large amounts of high-quality data, which is often not 

available. For instance, Large Language Models, while highly effective, require extensive 

labelled datasets to accomplish accurate predictions, hence their applicability is only feasible 

in areas where data is consistent and reliable. Similarly, as many of the existing models are 

based on binary outcomes (trials are classified as either successful or unsuccessful) the 

complexity of clinical research is not fully captured, resulting in a more nuanced interpretation 

that does not underscore determinant factors for success or failure (Topol 2019; Yu et al. 2018). 

Another limitation of existing AI models might be found in the lack of transparency and 

interpretability, since numerous AI-driven models, especially those relying on deep learning 

techniques, act as hidden frameworks and do not clearly show how predictions are made. This 

might pose as a barrier, blocking these models from being adopted in clinical trials, as 
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regulatory bodies and stakeholders require a clearer understanding of the factors affecting trial 

outcomes. Still, the models currently in use recurrently fail to achieve generalizability, thereby 

their performance firmly depends on the context (Topol 2019; Yu et al. 2018).  

According to Chopra et al. (2024), understanding and validating seems to be demanding, 

guidelines and standards for AI-driven healthcare solutions are being developed by authorities 

such as the FDA. However, this takes a huge amount of time, since this requires a long testing 

and validation phase, while also requiring explanation of the underlying algorithms. Deep 

learning neural networks are often called “black box” models because of their high level of 

difficulty, making it harder to understand. This complexity as well as its unclear interpretability 

of its result can also be a reason why mainstream adoption slows down. As a result, it might 

also be more challenging to get patients permission to use their data, due to the lack of 

understanding of what the data is being used for. Consequently, it is vital that AI models are 

transparent and easy to understand. Upholding a high patients confidence and a high standard 

of ethical behavior also holds when it comes to data privacy and data ownership to avoid unjust 

treatment. This might be the case when trials are using face recognition software or other 

methods to track if participants are sticking to the rules of the study. For that reason, it is 

important that researchers using AI and ML algorithms provide their participants with an 

explicit explanation of the risks and advantages of their data gathering (Chopra et al. 2024, 

4212-4216).  

Another closely related limitation is the inherent bias in the data used. Trained Algorithms on 

a specific dataset are at risk of excluding large parts of the populations which have not been 

included. This is due to a serious lack of diversity in medical research, which can be traced back 

to research only including able bodied white people as the default. As a result, an AI trained 

model would not be able to have enough knowledge of underrepresented groups such as people 

of color and patients from lower socio-economic backgrounds, leading to biased findings that 
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do not translate to the not included groups. One way to avoid this happening is if health equity 

consideration are implemented in AI and ML systems. Another way to treat this problem is the 

inclusion of domain experts such as medical professionals, which are consulted in the algorithm 

development process to help fill in missing values which are vital for providing context to the 

dataset (Chopra et al 2024, p.4218).  

The limitations of traditional clinical trials, combined with the partial resolutions offered by 

existing AI models, emphasize the need for more sophisticated methodologies that can address 

these challenges comprehensively. There is a clear demand for multi-function approaches that 

could serve different purposes, such as integrating diverse data sources, providing interpretable 

insights, and generalizing adaptability across different trial settings, thereby proposing a more 

holistic solution to the issue faced by clinical trials.  

1.4 Proposed Model: Hierarchical Interaction Network (HINT) 

This thesis aims to address gaps identified in the current literature by implementing and 

furtherly refining the Hierarchical Interaction Network (HINT) model by Fu et al. (2022), which 

has demonstrated a strong potential in the prediction of clinical trial outcomes. HINT represents 

a novel approach that is characterized by the integration of a diverse dataset, including drug 

molecular structures, disease-specific information, trial eligibility criteria and pharmacokinetic 

interactions, to accurately predict the success or failure of clinical trials outcomes across 

different phases. Unlike traditional models, HINT leverages a hierarchical interaction graph to 

display the complex relationships among these components, providing a better comprehensive 

perspective of the influential factors. 

Fu et al.’s (2022) methodology employed comprises several key components. First, multimodal 

data embedding is used to encode different types of trial-related information. The embeddings 

obtained are then combined with external knowledge sources, including pharmacokinetic data, 

to reach a deeper understanding of drug interactions and their effects on trial outcomes. To 
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advance the progress of ML models in the context of clinical trials, HINT introduces TOP (Trial 

Outcome Prediction), a benchmark dataset, containing all the data sources used in the 

development of the model, providing a comprehensive resource for training and evaluation 

purposes.  

The objective of this thesis is to develop an effective model for predicting the factors that 

influence the success or failure of clinical trials by leveraging HINT. We are defining success 

as the clinical trial reaching the end of its phase. This is done by collecting data, that has been 

used by Fu et al. (2022) for their benchmark, to recreate an updated and enriched version of 

TOP, which will then be leveraged to replicate the HINT model.  

The results are expected to provide valuable insights into how AI-driven models can be used to 

improve clinical trial efficiency, reduce costs, and ultimately accelerate the approval of new 

therapies. By providing accurate predictions of trial outcomes, HINT could help pharmaceutical 

companies make more informed decisions about which drug candidates to advance, thereby 

reducing the risk of costly late-phase failures. Furthermore, the ability to predict trial outcomes 

at an early stage could enable more efficient allocation of resources, such as patient recruitment 

efforts and financial investments, ultimately making the entire drug development process more 

cost-effective. 

Our work is structured as follows: firstly, a literature review provides a deep dive into the HINT 

model, which is followed by an evaluation of existing research, methodology and their 

limitations, addressing related research questions. Secondly, the data collection and preparation 

encoding process is explained, which is followed by the performance of an Exploratory Data 

Analysis (EDA) containing insights as well as patterns and trends. This is followed by the 

model’s learning phase. After, we explain the architecture of our model. In our results section, 

we present and evaluate our model’s performance while also comparing it with other 

algorithms. Finally, we discuss the implications and limitations of our results and conclude key 



 Group part 
 

14 
 

insights derived from our analysis, while also providing recommendations for future research.  

In conclusion, this thesis will explore the potential of the HINT model to address some of the 

most pressing challenges in the field of clinical trials. The successful implementation of this 

model could pave the way for more widespread adoption of AI-driven approaches in drug 

development, ultimately benefiting patients by bringing new treatments to market faster and 

more efficiently. The implications of this research extend beyond the pharmaceutical industry, 

offering a framework that could be adapted to other areas of healthcare and medical research 

where complex, data-driven decision-making is required. 

2. Literature review 

Fu et al.’s (2022) study has a vital role in the field of clinical trial outcome predictions. By 

implementing the novel approach of the Hierarchical Interaction Network (HINT), which 

depicts the complex relationship between trial variables, predictive accuracy for clinical 

outcomes across phases is amplified. By capturing complex relationships among trial 

components, HINT can accurately predict the success or failure of clinical trials across different 

phases. Its ability to incorporate diverse data types and leverage external knowledge makes it 

one of the most comprehensive and effective tools in this domain. HINT functions as an end-

to-end framework, which ultimately returns a success probability score for a clinical trial before 

it starts. By providing this insight, HINT could become a powerful tool for stakeholders to 

allocate resources in a more efficient way, while accelerating the clinical trials approval 

process. 

Clinical trials are designed to assess the safety and efficacy of new treatments. A trial typically 

involves testing a treatment set, which includes one or more drug candidates, against a target 

disease set in a group of patients defined by eligibility criteria. The goal is to determine whether 

the treatment successfully meets its primary endpoints, such as reducing disease symptoms or 

achieving specific outcomes (Fu et al. 2022, 3-4). 
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In the HINT model, the outcome of a trial is indicated using a binary label: “1” indicates success, 

meaning that the trial met its primary endpoints, while “0” indicates failure.  

HINT focuses on two key prediction tasks: the first is a phase-level prediction, which assesses 

the likelihood of success for a specific trial phase (e.g., Phase I, II, or III), while the second is 

an indication-level prediction, which judges whether a treatment will ultimately pass all three 

phases of the trial process (Fu et al. 2022, 4). 

A carefully designed architecture that integrates multimodal data and external knowledge with 

modelling techniques achieves HINT predictive ability. The framework consists of several key 

components, featuring an input embedding module, a knowledge embedding module, a 

hierarchical interaction graph, and a dynamic attentive graph neural network (Fu et al. 2022, 

4). 

The first step consists in encoding multimodal data into embeddings, by using the input 

embedding module, which processes three primary data types: drug molecules, disease 

information, and trial protocols. Drug molecules are encoded through the SMILES (Simplified 

Molecular Input Line Entry System) strings and molecular graphs, which capture the structural 

and chemical properties of the drugs. To generate embeddings, these representations are 

processed through techniques such as Morgan fingerprints, SMILES encoders, and message-

passing neural networks. The encoding of disease information is achieved by using hierarchical 

medical ontologies, such as ICD-10 codes and textual descriptions. HINT then leverages the 

Graph-based Attention Model to create embeddings that reflect the hierarchical relationships 

inherent in these datasets. Trial protocols (including inclusion and exclusion criteria) are then 

encoded through Bio-BERT, a domain-specific language model able to detect the semantic 

notes of trial descriptions (Fu et al. 2022, 4-6). 

Ultimately, the output is a set of embeddings that represent the key components of the trial. 

These embeddings are further enhanced by using external knowledge sources. Indeed, to 
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provide a greater understanding of drugs interactions, the pharmacokinetics data present in 

ADMET dataset are incorporated (pharmacokinetics include properties such as absorption, 

distribution, metabolism, excretion, and toxicity). 

Lastly, historical trial data, including success rates for specific diseases, are also integrated to 

inform predictions. These knowledge embeddings are pretrained on external datasets, enabling 

HINT to leverage vast amounts of prior information (Fu et al. 2022, 6-7). The following step 

consists in the hierarchical interaction graph, which lies at the heart of HINT architecture. This 

graph aims to connect the embeddings and establish relationships between drugs, diseases, and 

trial protocols. Therefore, it features several types of nodes, such as input nodes (representing 

the trial components), external knowledge nodes (representing ADMET properties and disease 

risks), aggregation nodes (which summarize interactions between trial components), and 

prediction nodes (which generate the final trial outcome predictions). This structure is essential 

to enable the model to capture both direct and indirect relationships, providing a holistic view 

of the trial’s dynamics (Fu et al. 2022, 8-9). 

After processing the graph, HINT aggregates the information from the graph to make the final 

prediction. The prediction node summarizes the information gathered from the 

pharmacokinetics properties, disease risk, and the interactions between the drug, disease, and 

eligibility criteria. The output of this prediction node is the final predicted trial outcome, which 

is typically a binary success/failure label, though it can also provide probability scores 

indicating the likelihood of success (Fu et al 2022, 8).  

To refine predictions, an attentive graph neural network is employed. This component uses 

graph convolutional layers to aggregate information from neighboring nodes, updating the 

embeddings to reflect their context within the graph. Consequently, attention mechanisms 

assign weights to the most critical interactions, emphasizing the relationships that are most 

likely to influence trial outcomes, to improve predictive accuracy (Fu et al 2022, 8-9). 
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Figure 2 -HINT Framework, (Fu et al., 2022, Patterns 3, 100445) April 8, 2022, a 2022 The author(s)). 

HINT was evaluated on the Trial Outcome Prediction (TOP) dataset, a comprehensive 

benchmark created to standardize clinical trial outcome prediction. The dataset includes 17,538 

clinical trials, with 9,999 classified as successful and 7,539 as failures. For each trial, the dataset 

provides information on drug molecular structures, disease descriptions, trial protocols, and 

outcomes. Additional supplementary datasets include pharmacokinetics data (e.g., ADMET 

properties) and historical trial success rates. The TOP dataset spans a wide range of diseases 

and trial phases, providing a robust foundation for training and evaluation. By leveraging this 

dataset, HINT was able to demonstrate its ability to generalize across different types of trials 

and diseases (Fu et al. 2022 10-11). 

HINT performance was validated through a series of experiments, showing significant 

improvements over existing models. For phase-level predictions, HINT achieved F1 scores of 

0.665 for Phase I, 0.620 for Phase II, and 0.847 for Phase III. These results highlight HINT 

ability to handle the unique challenges of each trial phase, from toxicity testing in Phase I to 

large-scale efficacy studies in Phase III. HINT also demonstrated strong performance across 

different disease categories. For example, it achieved an F1 score of 0.867 for respiratory 

diseases, 0.786 for digestive diseases, and 0.585 for oncology. While oncology trials proved to 

be the most challenging, HINT performance in other categories underscores its versatility and 
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robustness (Fu et al. 2022, 14). 

Case studies further illustrated HINT practical utility. For instance, the model accurately 

predicted the failure of Entresto’s $200 million Phase III trial, assigning it a low success 

probability of 0.476. Conversely, it successfully forecasted the outcome of Sitagliptin’s 

diabetes trial, assigning it a high success probability of 0.742 (Fu et al. 2022, 14-15). 

Despite its strengths, HINT is not without limitations. The model is currently limited to small-

molecule drugs, excluding biologics and medical devices. It also struggles to work well in case 

of rare diseases due to the lack of sufficient training data. Additionally, HINT simplifies 

outcomes into binary success or failure labels, which may not fully capture the nuance of trial 

results. Ultimately, the complexity of the hierarchical interaction graph can make interpretation 

significantly more difficult.  

Future work aims to address these limitations by expanding HINT to other trial types, 

integrating outcome labels with higher granularity, and improving interpretability through 

explainable AI techniques. These advancements would further enhance HINT utility and 

applicability. So, the Hierarchical Interaction Network (HINT) represents a paradigm shift in 

clinical trial modelling. By integrating multimodal data, leveraging external knowledge, and 

employing advanced graph-based techniques, HINT sets a new standard for accuracy and 

scalability in trial outcome prediction. As the pharmaceutical industry continues to embrace AI-

driven solutions, HINT offers a powerful tool for optimizing drug development and improving 

global healthcare outcomes. 

Even though HINT holds a fundamental role in this field, it still grapples with limitations, for 

instance challenges with handling missing data and fine-tuning predictions for phase-specific 

regulatory needs. Fu et al’s. (2022) work has sparked subsequent studies expanding on HINT 

framework by including innovative machine learning techniques, robust data imputation 

methods, and large language models with the goal to improve predictive robustness and 
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regulatory adaptability in clinical trial setting which will be explored in the following literature 

review.  

Missing values, due to inconsistencies, can undermine the reliability of the success predictions, 

as they can result in potential biases and reduced modeling robustness. Lo et al. (2019) directly 

target the data completeness limitation described in Fu et al.’s (2022) work. By enabling 

accurate predictions even with incomplete data, this study enhances the foundational methods 

of HINT, allowing more robust trial predictions and continuity despite data gaps. Lo et al. 

(2019) study utilizes advanced machine learning techniques to impute the missing values in 

their dataset, for instance k-Nearest Neighbor (kNN) and Multiple Imputation by Chained 

Equations (MICE). Training machine learning models such as Random Forests and Support 

Vector Machines on the imputed datasets has shown a heightened predictive accuracy for drug 

approval outcomes. Lo et al. (2019) have allowed for more reliable trial predictions with their 

work. 

While Lo et al. (2019) enhances prediction reliability by improving data completeness, Chen at 

al. (2024) improve clinical trial outcome predictions by integrating selective classification into 

the existing HINT framework to manage uncertainty. This approach permits the model to refrain 

from low-confidence predictions while boosting the accuracy of trials with increased prediction 

confidence. The authors demonstrate that including selective classification (SC) into clinical 

trial outcome models significantly enhances predictive reliability, which refines HINT 

framework by adding reliability in early, uncertainty-prone trial phases.  

Aliper et al.’s (2023) further strengthens outcome predictions by developing a multi-modal AI 

framework to predict phase transitions based on trial design, target characteristics and omics 

through transformer-bases AI. The study demonstrates the effectiveness of the applied 

framework, by reaching a 79% accuracy rate. The model not merely refines the general outcome 

estimations of HINT but further offers phase-specific insights. 
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Following the advancements demonstrated by Aliper et al. (2023) in multi-modal AI, the 

potential of multi-modal approaches is further elevated by leveraging Large Language Models 

(LLMs). Zheng et al. (2024) utilize an ensemble of LLMs, their LIFTED framework, to manage 

multimodal data inputs for clinical trial predictions. By leveraging a Mixture-of-Experts (MoE) 

architecture, LIFTED adaptively selects the most suitable data source according to trial phase 

and particular prediction requirements. This enables the model to tailor its focal point, which in 

return increased predictive accuracy and robustness throughout the entirety of trial stages. This 

method extends HINT core by portraying the layers clinical trial data but also boosts versatility 

and predictive accuracy by processing diverse data through LLM ensembles. 

As Aliper et al. (2023) and Zheng et al. (2014) employ general multi-modal datasets for phase 

predictions, Qi et al. (2019) aim at a thorough incorporation of target-based drug data with 

clinical features. With this, they are depicting patient responses and pharmacokinetics (PK) 

with the goal of predicting individual trial outcomes. This framework demonstrated improved 

prediction accuracy, which approach fills a gap in HINT comprehensive emphasis, by 

encapsulating detailed patient-level insights. 

The usage of machine learning algorithms such as Random Forests and Gradient Boosting 

cannot only be found in relation to missing value imputation by Lo et al. Kavalci & Hartshorn 

(2023) also use machine learning algorithms to evaluate trial data and predict early termination 

based on recruitment rates, compliance, and trial characteristics dynamically. The study 

achieved high accuracy in selecting trials with high dropout probability, making room for 

preemptive refinement. Kavalci & Hartshorn (2023) not only complement the foundational 

factors of the HINT model by tackling with trial completion rates, but they are also able to detect 

risks prematurely, which consequently improves resource allocation and cost-efficiency in 

trials. Building on Kavalci & Hartshorn (2023), leveraging machine learning algorithms to 

predict early trial dropout and manage resource allocation, Ghim & Ahn (2023) further boosts 
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cost efficiency by implementing LLMs into clinical trial operations, as we have seen similarly 

in Aliper et al.’s (2023) study. 

Ghim & Ahm (2023) have undertaken the task of automating clinical trial tasks concerning 

patient matching by eligibility criteria, protocol creation and explicit consent by taking 

advantage of AI driven chatbots simplifying complex trial information. The authors 

demonstrate a significant enhancement in trial efficiency, as patient matching times have 

reduced, while protocol generation and document processing reap the rewards of LLMs’ ability 

to manage massive quantities of trial data. Additionally, they found that LLM-based chatbots 

enhanced subjects comprehension by simplifying medical information, emphasizing that LLMs 

can contribute creating not only operational but also participant-centered improvements in 

clinical trials. These enhancements were outside of the scope of Fu et al.’s (2022) work but 

support their objective of enhancing trial success by reducing administrative delays. 

In the same vein as Ghim & Ahm (2023), Reinisch et al. (2024) also addressed operational 

efficiency by predicting which clinical trials will advance from Phase III to final approval. This 

has been approached by finetuning CTP-LLM to clinical trial documents, reaching high 

accuracy and reliability. This indicates that CTP-LLM can aid in efficient resource allocation 

and improved decision-making throughout trial phases. Echoing Aliper et al.’s (2023) work, 

Reinisch et al. (2024) offer phase-specific insights and thus enriching HINT broad success 

estimation approach. 

Efficient operations alone cannot compensate for the challenges of recruitment, which remains 

a dominant factor in trial timelines and completion rates. To address this, Bieganek et al. (2022) 

develop predictive models zeroing in on enrollment success forecasting, allowing for initiative-

taking and operationally efficient recruitment planning. Through examining historical clinical 

trial data, the model predicted enrollment outcomes with enhanced accuracy, while also 

detecting influential trial characteristics leading to the recruitment’s success and enrollment 
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changes at an early stage. This approach not only lessens delays related to under-enrollment, 

but it also aids to a more seamless trial completion, directly responding to a key factor of trial 

success highlighted by Fu et al. (2022).  

Gayvert et al. (2017) shift the focus to an alternate key determinant in securing trial fulfillment: 

drug toxicity. This is executed by assessing toxicity risks influencing participant safety and 

retention. By including drug toxicity prediction leveraging target-based and structural features 

of compounds, the authors developed the PrOCTOR model, assessing drug properties to 

measure toxicity risk. The goal of this estimation is to forecast trial success by detecting 

compounds with manageable toxicity levels. The model displayed enhanced predictive power 

by differentiating FDA-approved drugs from those that failed due to toxicity with higher 

accuracy. Furthermore, PrOCTOR was also able to recognize network connectivity and target 

expression as crucial components in defining a compound's safety profile. Note, that HINT does 

include toxicity as part of the ADMET dataset, Gayvert et al. (2017) offer a directed approach 

to toxicity, delivering a detailed examination regarding patient safety.  

As Gayvert et al. examines toxicity, Murali’s (2021) dataset includes general bioactivity metrics 

like drug-target interactions and pharmacodynamic properties. This study moves beyond the 

safety-focused perspective of toxicity to incorporate molecular-level relations impacting a 

drug's efficacy. The analysis highlighted that bioactivity-informed predictions significantly 

enhance the detection of drugs likely to succeed in clinical trials, specifically in early phases 

where biological characteristics are critical for predicting efficacy. This study complements 

HINT as it already uses the ADMET properties to broadly capture pharmacokinetics and safety. 

Nonetheless Murali (2021) can offer a deep dive into bioactivity metrics, such as drug-target 

interactions and pharmacodynamics, providing a more nuanced of a drug’s impact. 

3. Exploratory Data Analysis 
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3.1 Data Collection and Description     

In this chapter, we are diving into the exploratory data analysis which we conducted on the 

ClinicalTrial.gov dataset to uncover patterns, anomalies and structures, providing insights for 

our analysis. The dataset is highly relevant for clinical trial research, containing detailed 

attributes on study designs, phases, outcomes, and interventions.  

Key columns like “primary_outcome_measures”, “eligibility_criteria”, and 

“intervention_model” provide substantial information to support diverse analyses. 

The data was sourced from ClinicalTrial.gov in the form of a JSON file, which was then 

transformed into a CSV file for easier analysis and manipulation. The dataset comprises 

512,835 rows with 32 columns. However, given that our analysis is merely centered on 

interventional clinical trials dealing with small drugs and it includes only concluded clinical 

trials, we disregarded the rest, leaving us with a filtered dataset containing 132,129 rows and 

32 columns. From this point onwards, we are referring to clinical trials, whereby we only 

understand this term to mean interventional studies. Also, the “study_status” only includes 

clinical trials with four different attributes that represent the trials that are concluded, such as 

“COMPLETED”, “TERMINATED”, “WITHDRAWN”, and “SUSPENDED”.  

3.2 Data Cleaning and Preprocessing  

In preparation for a detailed analysis, it is essential to execute preprocessing action to address 

issues such as missing values and duplicates ensuring robust data quality and integrity. 

An initial look of the dataset was performed revealing that there were close to no missing values 

in any of the columns apart from the enrollment, having 2,304 missing values which will be 

maintained. Although these missing values would typically be removed in a standard approach 

to maintain data consistency, we decided to keep them since the column “enrollment” hold a 

central role in our dataset. A final decision will be made after progressing further, specifically 

when we are curating the final dataset including this data. Nonetheless, we also found the 
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Missing values overview 

presence of “NA” values in the “phases” column, which could imply ambiguous classification 

for some trials and needs to be further investigated for accurate phase specific analysis. 

However, a closer inspection has uncovered a substantial number of blank entries in several 

columns, prompting more attention and thereby setting the stage for targeted data cleaning 

measures. These columns are for instance “collaborators” (69.52% blank), 

“detailed_description” (39.64% blank), “keywords” (35.89% blank), “maximum_age” (45.40% 

blank), and “secondary_outcome_measures” (21.51% blank). Given the share of blank spaces 

(20%) as well as their irrelevance for further analysis, they were discarded. Nevertheless, other 

columns such as “arms” (11.36% blank), “locations” (9.01% blank), and 

“primary_outcome_measures” (4.04% blank) also displayed blank spaces. Converting the 

format of “completion_date” and “start_date” has led to the same amount of missing data in 

both columns, which suggesting that the transformation has been successful. Upon addressing 

the missing values, we conducted further checks for data quality issues in regards of negative 

values and duplicated rows. Our analysis confirmed that the dataset is devoid of negative values 

and duplicated rows. The following table depicts the number of missing values in our 

ClinicalTrial.gov dataset.  

 

 

Table 1 - The table presents the count of missing values and the corresponding percentage of missing values for each attribute. 

Overall, we conclude that the dataset shows strong completeness in crucial areas, due to it being 

fully population in key columns such as “ntc_number”, “brief_title”, “study_status”, and 

“sponsor”, ensuring consistency in essential data attributes. It also demonstrates significant 

consistency across numerical and categorical data, which is proven by the absence of duplicates 
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and negative values, confirming the integrity of the dataset. Nonetheless, the presence of “NA” 

values in “phases” indicates potential gaps in classification, which may impact the accuracy. In 

terms of accuracy we conclude that the dataset structure aligns with expected standards for 

clinical trials data. Despite this, some descriptive columns with a high number of missing 

records, such as “collaborators”, are to be carefully analyzed to not bias the model outcome. 

Consistently populated fields for “start_date” and “completion_date”, enabling chronological 

analyses of clinical trials suggest the great timeliness of the dataset, ensuring an effective study 

of trends over time, such as trial durations or historical shifts in trial designs. The dataset’s high 

usability and relevance is suggested by its substantial information to support diverse analysis 

through its detailed and structured attributes. After this general analysis of the dataset, we are 

diving deeper into the contents of the dataset.  

3.3 Insights and Patterns 

Our effort of preprocessing and cleaning the data has set essential groundwork to explore the 

underlying patterns and insights, which are vital to understanding the complexities of our 

dataset. 

3.3.1 Study Completion  

By examining the historical progression of clinical trials over the years we discovered an 

increasing trend, starting in the year 2000, which was likely due to a rise in medical research 

(See Appendix, Graphic 1). This can be measured in multiple ways, although one of them in 

the rapid growth of scientific articles published in the Directory of Open Access Journal starting 

in the year 2000 (Laakso & Björk, 2012, 4-6). Additionally, we observed a notable rise in 

initiation and completion of clinical trials occurring around 2020, which could potentially have 

been impacted by the global COVID-19 pandemic, causing a massive increase in funding for 

vaccine research as seen by the investment of Operation Warp Speed with a total of $18 billion 

in COVID-19 related research and development (World Health Organization, 2023, 7). 
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Through this longitudinal analysis, we also uncovered that the amount of completed studies is 

slightly higher than the number of newly started trials, indicating that many recent trials are still 

in progress. Our investigation into temporal dynamics also gives us insights into completion 

dates extending into the 2030s, which illustrates how some studies collect data over elongated 

periods of time. Apart from completion dates being far in the future, we also found starting 

dates in the future, indicating the long-term project management roadmaps in clinical trials.  

Moving beyond the historical insights gathered, we now broaden our discussion to the general 

landscape of study completion. While our analysis demonstrates a high completion rate of 

clinical trials across all phases due to most studies being completed, a small but noteworthy 

amount still failed to fall under this category as these studies have been either terminated or 

withdrawn. This is likely due to factors such as feasibility issues, safety concerns, or lack of 

efficacy. However, we can assert that a suspended study is a relatively rare occurrence in 

clinical trials. With general completion patterns established, it was also worth investigating how 

completion evolves throughout the year. It became apparent that completed trials showed a 

stable trend, while terminated and withdrawn trials were consistently depicted in smaller 

numbers and suspended trials are notably rare in any month. The month of December is the 

object of a significant surge in trial completion, which could be explained by year-end 

finalization. Next to yearly trends, we also narrowed our perspective to the structured phases of 

a trial. Phase II exhibits the highest amount of completed trials, followed by Phase I, III and IV, 

respectively. However, we still observed a considerable number of completed trials being 

unclassified under specific phases ("NA" with 10,235 trials). While phases I and II exhibit the 

highest amount of suspended and terminated trials, they occur the least in Phase IV. Although 

withdrawn trials are evenly spread throughout all phases, they occur the most in phases I and 

II.  
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3.3.2 Study Duration 

After assessing the completion rates, we progress to explore the study duration, which is crucial 

to understand the efficiency of completion even more. Predominantly the clinical trials in our 

dataset have relatively short timelines with most of them being not longer than 8 years and the 

biggest among these trials falling into the duration of maximal 4 years (See Appendix, Graphic 

2). Despite these observations, we discovered right-skewed distribution as well as a sizable 

number of outliers, indicating that a notable number of trials last longer than the average. 

Additionally, we discovered that suspended trials demonstrated a broader distribution and a 

higher median duration when compared to other statuses. This is a stark contrast to withdrawn 

trials, featuring a narrower range and a smaller number of outliers. 

3.3.3 Study design 

With an understanding of temporal aspects of clinical trials, we now proceed by shifting our 

focus to explore implications of study designs, to evaluate how different methodologies impact 

trial completion rates. Randomized studies (67,749) exhibit the highest completion count, 

followed by non-randomized studies (19,375). While suspensions were rather uncommon 

across study types but were slightly more prevalent in non-randomized studies (159), 

terminations also occur less often in randomized studies (9,227) than non-randomized (4,474). 

Despite this observation, withdrawals are relatively infrequent but still more notable in 

randomized (3,869) and non-randomized (1,760) studies. Therefore, our data underscores the 

effectiveness of randomized trials while indicating potential vulnerabilities to operational 

challenges of non-randomized studies.  

Delving deeper into study designs has also shown us that the parallel model is the most used 

one while also exhibiting the highest number of completed studies. In this model, randomly 

assigned patients are given new therapy in the treatment group while control patients are given 

standard therapy (Cleophas & Vogel, 1998, 113). This is followed by the single group model, 
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which is also widely used despite being impacted by higher termination and withdrawal rates. 

As already implied by the name, participants are here in only one group and receiving the same 

intervention. Since there is no comparison group, the outcomes are evaluated by comparing 

them to baseline measurements (Wang et al., 2024, 1-4). Sophisticated models such as 

crossover and factorial models are less commonly employed, although generally maintaining 

reasonable completion rates. While factorial models assess several interventions at the same 

time by assigning participants to multiple combinations of a treatment (Montgomery et al., 

2003, 2), the crossover model assigns both new therapy and standard therapy to participants 

(Cleophas & Vogel, 1998, 113). Sequential models also see limited usage. The key difference 

between a sequential and a crossover design is the fact that participants receive one treatment 

only instead of all treatments in sequential order (Parson et al, 2024, 2-3). Ultimately, the 

evidence clearly points to a balance between study design complexity and stability with simpler 

models leading to more frequent utility while also occasionally coming short and consequently 

leading to early study termination or withdrawal. Given that the choice of the study model can 

inherently dictate the study’s success or failure, we explored how these models are implemented 

in randomized and non-randomized studies. Essentially, parallel, crossover and factorial models 

heavily employ randomized study designs to maintain integrity in their comparative analysis. 

In contrast, single group models rely on non-randomized settings, due to their ideal utility for 

exploration or observational studies, characterized by the absence of a control group. Sequential 

models demonstrate a synthesis of comprehensive blend containing randomized and non-

randomized allocations, enhancing their adaptability.  

3.3.4 Primary purposes of clinical trials 

While the study design lays the groundwork of the study design, it is also pertinent to delve into 

the primary purposes of clinical trials. Our analysis demonstrated that the dataset is dominated 

by trials dedicated to treatment (99,833 entries) as primary purpose, suggesting that a notable 
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portion of attention in clinical trials is shifted towards evaluating the efficacy of therapeutic 

interventions to make progress in patient care. This is followed by prevention studies (7,808 

entries), aiming to avoid diseases and conditions. Basic science (6,124 entries) is also prominent 

and focused on exploring biological processes. As we have defined the primary purpose of 

clinical studies, this led us to turn to the specific conditions they investigate. Delving into these 

conditions has shown that “Healthy” is the most frequently studied conditions, which is then 

followed by "Breast Cancer," "Healthy Volunteers," "HIV Infections, etc. Furthermore, our 

analysis suggested that clinical trials are heavily focused on grasping drug dynamics 

(pharmacokinetics), to address health challenges such as HIV or cancer. Most of clinical trials 

only observed one or two drugs, while the usage of ten or more drugs at once is a rare 

occurrence, suggesting the desire to focus on simpler regimens. Naturally, “Placebo” was used 

in most interventions in clinical trials, representing its fundamental role as a control substance. 

Due to our focus being set on predicting the success or failure of clinical trials regarding the 

testing of drugs, we discarded all entries titles “Placebo”.  Cyclophosphamide, Carboplatin, and 

Cisplatin were among other frequently used drugs, which are mostly used in oncology trials, 

underscoring the significant role of cancer treatment.  

3.3.5 Patient Characteristics 

After detailing our findings regarding the trial’s purpose, it was imperative to shift our focus to 

the patient’s characteristics. While majority of the trials includes male and female participants, 

we found a small amount of gender-specific trials. Upon shedding light on this matter, our data 

also demonstrates that male-specific trials have the highest success rate, which is followed by 

female-specific trials and trials involving all genders. This could indicate that gender-specific 

trials may lead to successful outcomes, due to a more focused study design with clearer 

treatment effects. Nonetheless, gender-specific trials seem to inadvertently overlook older 

adults, as female-specific trials include participants between the ages of 21 to 56 years old. In 
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contrast, trials including all genders exhibited a broader age range with ages spanning from 19 

to 62 years. Aside from this, there are also several trials dedicated to pediatric conditions, 

suggested by the exceptionally low minimum ages which are stored in months instead of years. 

Generally, the minimum age of participants skews towards 18 years.  

3.3.6 Enrollment 

Patient characteristics directly inform patient enrollment which is why we now turn to exploring 

this attribute in our dataset. Following our analysis, we found 6,577 records of zero enrollments, 

which is why we consequently assume that trials with no participants are usually considered as 

a failure, due to no data being collected. Overall, we also concluded that enrollment values are 

generally low, suggesting that clinical trials must cope with challenges in recruiting large 

numbers of participants. After relating enrollment values to clinical trial outcomes, we 

demonstrated that successful trials (231.77) exhibit a higher average enrollment in comparison 

to failed trials (81.74). Consequently, this suggests a positive correlation between higher 

enrollment numbers and the success probability of trial success. Additionally, successful trials 

showcase a broader variability in enrollment, as suggested by the higher standard deviation. 

Our dataset also gives us insights into country-specific enrollment data, which showed that 

trials were often aimed at addressing widespread health issues such as infectious diseases, 

which is shown through the high enrollment in developing countries.  

3.3.7 Contribution 

The list of organizations with the highest number of studies was topped by Pfizer and Novartis, 

holding 2,442 and 2,436 studies respectively, which are followed by GlaxoSmithKline with 

2,161 studies and the National Cancer Institute (NCI) with 1,968 studies. Top sponsors of 

clinical trials included a diverse mix of universities, pharmaceutical companies, and cancer 

research institutes, illustrating the broad range of organizations funding clinical trial research. 

Among these, universities and public health institutions hold a more prominent role in 
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sponsoring. The presence of renowned medical institutions such as the Mayo Clinic and M.D. 

Anderson Cancer Center underlines the importance of clinical research in progressing patient 

care and medical innovation. Not only do sponsors hold a special role in advancing clinical 

trials, but collaborators are also of special consideration. Apart from that, we demonstrated that 

the National Cancer Institute (NCI) is the one with the highest number of collaborators in 

clinical trials, indicating their vital role in clinical trials while also suggesting the importance 

of clinical trials in cancer research. Pfizer and GlaxoSmithKline also frequently collaborate, 

underscoring their commitment to working with research institutions to advance drug 

development and clinical research. 

4. Benchmark 

Our starting point information is the clinical research studies data that we have retrieved from 

ClinicalTrials.gov, which is a publicly accessible website and online database that provides up-

to-date information on clinical research studies conducted across more than 200 countries 

worldwide. 

We have defined and developed an up-to-date standardized benchmark which was essential to 

build a robust, interpretable and scalable model.  

For each clinical trial, we have collected the following five data items: drug molecule 

information, disease information, trial eligibility criteria, number of enrollment and trial 

outcome information.  

Our benchmark includes molecule information with SMILES of the drugs, the target disease 

information encoded into ICD-10 codes, the trial eligibility criteria and biomedical knowledge. 

The encoding into latent embedding vectors of all the data included in the final dataset differs 

according to their own specifications.  

Standardizing clinical trial data by linking diseases with ICD codes and drug with SMILES 

(Weininger, 1988) medicine is a common practice. In fact, the approach ensures uniformity in 
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data representation, facilitating the integration of new data from diverse sources and enhancing 

its utility for machine learning applications. 

4.1 Disease data  

The disease data are extracted from the collected clinical trial data on ClinicalTrials.gov and 

linked to ICD-10 codes extracted from the Word Health Organization Database. The dataset 

contains disease information including ICD-10 codes and the disease description. ICD–10 is 

the “international standard for systematic recording, reporting, analysis, interpretation and 

comparison of mortality and morbidity” data published by the World Health Organization 

(WHO). 

Recently, the ICD-10 has been replaced in January 2022 with the ICD-11 by the World Health 

Organization (WHO). However, the decision to use ICD-10 instead of the newer ICD-11 in our 

research was influenced by diverse factors.  

Firstly, ICD-10 has a well-established ecosystem of tools, libraries, and datasets, making it the 

most pragmatic choice in the current time the study was elaborated. Secondly, the ICD-10 codes 

are still relevant and widely used in past and recent studies in the clinical trial landscape, 

therefore adapting to past studies guarantees to obtain relevant and interpretable results by the 

broader scientific and medical communities.   

We performed an algorithm which assigns ICD-10 codes to disease names using a heuristic 

matching approach. It first attempts an exact match, prioritizing precision by checking if the 

disease name directly corresponds to an ICD code. If no exact match is found, the algorithm 

performs a partial word match, focusing on significant words with seven or more characters, 

while limiting matches to simpler disease names to avoid ambiguity. 

If these methods fail, the algorithm uses word-overlap matching, comparing the disease input 

name with candidate names by evaluating shared words and prioritizing those with the greatest 

overlap and combined word length. This step allows for flexibility in handling variations in 
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terminology. When no suitable match is identified, the algorithm returns no result, ensuring it 

avoids incorrect associations. This combination of exact, partial, and overlap matching provides 

a structured approach to map disease names to ICD codes effectively. 

4.2 Drug molecule data  

The drug molecule data is extracted from the collected clinical trials data on ClinicalTrials.gov 

and linked to the molecule structure, i.e. SMILES string. The SMILES collections with their 

own respective drug name and drug’s description have been collected mainly from the GitHub 

dataset stored in the HINT repository, which retrieved the data from the Drug Bank Database 

(Fu et al. 2022).  

The SMILES, i.e. Simplified Molecular Input Line Entry System, is a notation system that 

represents the structure of chemical compounds as concise ASCII strings. These SMILES 

strings can generate two-dimensional diagrams or three-dimensional models of the molecules 

(Weininger 2018).  

The collected dataset on the Drug Bank Database results as a list of drugs with their respective 

SMILE molecules. We have performed an algorithm, in the same ways as for the diseases, 

which maps drug names to their corresponding SMILES representations using a heuristic 

approach. It first checks for an exact match between the input drug name and a predefined drug-

to-SMILES mapping. If an exact match is not found, it searches for partial matches by analyzing 

individual words within the drug name, focusing on words with seven or more characters that 

are more likely to yield valid matches. Likewise, the goal is to retrieve their SMILES codes to 

generalize and standardize the drug data information.  

Linking diseases to ICD-10 codes and drugs to SMILES ensures standardization, enabling 

seamless integration of diverse datasets and supporting the addition of new data in the future. 

These representations allow machine learning models to incorporate novel information from 

various sources, enhancing their capacity to test and predict outcomes for emerging drugs or 
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diseases.  

4.3 Trial eligibility criteria 

The eligibility criteria outline the parameters for selecting participants in a clinical trial, 

specifying both inclusion and exclusion requirements. They are presented in unstructured 

natural language, detailing participant characteristics such as age, gender, medical history, 

current health status, and the target disease or condition. Each clinical trial's eligibility criteria, 

along with its respective clinical case, are published on ClinicalTrials.gov. In this perspective, 

we separated the inclusion and exclusion criteria and applied language processing to the 

unstructured text data, preparing it for the encoding phase to generate embedding vector, as 

later explained in detail.  

Eligibility criteria are crucial prerequisites for the success of clinical trials, as they significantly 

influence the outcomes. Poorly defined eligibility criteria can result in inadequate participant 

recruitment, a key factor contributing to the failure of many clinical trials (Su & Cheng 2023).  

4.4 Trial outcome information 

The TOP benchmark’s target label represents the success or failure of the trial, which indicates 

whether the trial meets the primary endpoints or not. The labels have been manually curated 

and are influenced by the feature p-value and why stop present in the XML file on 

ClinicalTrial.gov. Our research instead targets the completion trial prediction which focuses on 

determining whether the trial would be completed or not. Specifically, the labels are defined 

based on the clinical trial’s final status. To determine whether the trial would terminate, we 

excluded all cases where the status indicated an interim step prior to the study's conclusion. 

These cases could potentially result in either a positive outcome, such as completion, or a 

negative outcome, such as termination, withdrawal, or suspension.   

4.5 ADMET 

The pharmacokinetics (PK) knowledge is leveraged to pretrain embeddings, emphasizing how 
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the body processes drugs after administration. This approach is driven by the critical role that 

PK factors and disease risks play in determining trial outcomes. Key properties such as 

Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) are central to this 

process. Integrating these ADMET factors into our pretraining ensures a deeper understanding 

of the interactions between drugs and the human body, enhancing the model’s ability to predict 

the success or failure of clinical trials. 

The different components of the ADMET could be described as follows: firstly, the absorption 

component refers to the process by which a drug is transported from the administration to the 

site where it will exert its pharmacological effect. Secondly, the distribution component 

demonstrates the movement of a drug to and from various tissues within the body, as well as 

the number of drugs present in these tissues.  

Moreover, the metabolism component refers to how drug molecules are broken down by 

enzymatic systems, thereby influencing the duration and intensity of the drug's action. The 

excretion component describes the removal of drugs from the body via various excretion routes. 

Finally, the toxicity component refers to the extent to which a drug may cause harm to the body. 

An early assessment and prediction of these properties in the drug development workflow 

optimizes compounds with pharmacokinetics (ADMET) characteristics and minimizes toxicity 

(Vrbanac & Slauter 2017).  As a result, it can assist in the prioritization of drug candidates, thus 

reducing the number of costly trial failures and optimizing resources for the successful 

development of new drugs. 

We retrieved the ADMET data from the GitHub dataset stored in the HINT repository, which 

retrieved the data from the Drug Bank Database (Fu et al.  2022).  

4.6 Enrollment 

The enrolment feature is extracted directly from clinical trial data available on 

ClinicalTrials.gov, distinguishing itself from the TOP benchmark. Given the observed 
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correlation between a high number of enrolments and an increased likelihood of clinical trial 

success, it has been included alongside other variables due to its potential influence on the 

model's outcomes. In fact, including a high number of participants poses challenges due to the 

cost and difficulty of recruiting individuals with the specific characteristics required for clinical 

studies, which can ultimately influence the likelihood of the clinical trial’s success or failure. 

Unlike the other variables, which are sequential in nature, the enrolment feature is a numerical, 

tabular variable. This distinction makes it unique in the dataset, as it does not require 

preprocessing before being embedded into the model. 

4.7 Data preprocessing 

As previously illustrated, we filtered the dataset to achieve a complete and clear dataset. In a 

first step, the number of trials was 512,835 in total. After filtering based on the study’s status 

to determine the study’s outcome label, the total number of clinical studies is 325,725. 

 

Figure 3 - Data preprocessing pipeline 

Since the model includes the molecule encoding to leverage the potential of the multi-model 

data source, it must handle only interventional trials involving small molecules, while other 

trial types such as medical devices and biologics trials are excluded. The total number of 

interventional studies including only those involving drugs is 132,129. Moreover, we have 

excluded those rows with missing values in the “phase”, “start_date”, “completion_date” and 

“drug” features, giving us a total of 107,656 clinical studies. Furthermore, we selected trials 

with known drug molecule structures and available disease codes, i.e. the trial we were able to 

match with the integrated datasets of the SMILES and ICD-codes, leaving us with a total of 

102,655 clinical trials.  
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4.8 Data split 

To evaluate the predictive model in an effective way, we split the data into three datasets: the 

training, validation, and test sets. This process has been done chronologically, meaning that we 

used the column "start_date" as an index so we can have more recent data in the test set. This 

splitting is following the rule of 70/15/15, consisting of having 70 % of the data in the training 

set, then 15% in the validation and the remaining 15% in the test set. This is a good approach 

since most of the data is utilized for the training set while the validation and the test have the 

same amount. The training set is used for the development of the model, the validation set is 

used for hyperparameter tuning and to prevent overfitting, while the test set is reserved for the 

final evaluation of the model. Since we are going to be focusing on looking at a specific phase, 

we also split the data according to their phases, leading to us having the data split in “PHASE1”, 

“PHASE2” and “PHASE3”. We did not include a dataset for “PHASE4”, since its purpose is 

the monitoring of long-term effects of a treatment, which was already launched into the market 

according to the National Cancer Institute. Since our work is rather focused on supporting 

stakeholders to lead with an assertive strategy, to save resources like time and money, 

“PHASE4” data is out of scope of this work. 

Consequently, our approach is to apply a filter for the column “Phases” with the result of only 

including entry with the value of a specific phase. This caused the data to be mapped to the data 

with specific phases, which was motivated by the fact that the column still contained a 

significant amount of data with more information apart from just one phase, such as 

“PHASE1|PHASE2” (6,155 entries), “PHASE2|PHASE3” (3,016 entries) and 

“EARLY_PHASE1” (1,834 entries).  

The dataset demonstrates a pronounced imbalance in label distribution across all three phases, 

with a significantly higher proportion of clinical trials labeled as successfully completed 

compared to those labeled as not completed. Hence, the percentage of successful trials ranges 
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from 78.85% to 85.96%, meaning that over one in five clinical trials is unsuccessful, as 

illustrated in Graphic 1. This imbalance is particularly evident in the training dataset and has a 

substantial impact on the model's performance. To mitigate this issue, appropriate evaluation 

metrics will be employed to ensure a fair and accurate assessment of the model’s predictive 

capabilities. 

 

 

Graphic 1 - The table presents the label distribution of clinical trials categorized by their respective phases within the training 

dataset. The top-left image illustrates the distribution for Phase I, the top-right image corresponds to Phase II, and the bottom. 

Additionally, we aimed to address the specific characteristics of each disease, therefore the data 

was further categorized by disease type. ICD codes had been used to map the clinical conditions 

with the aim of broadening the disease categories through the CCSR (Clinical Classification 

Software for Services and Procedures). The new information retrieved allowed us to refine the 

analysis by clustering similar conditions together, enabling us to create more focused and 

insightful evaluations according to the attributes of similar diseases and their trial outcomes. 
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The disease areas selected are the nervous system (NVS), neoplasms (NEO), infectious and 

parasitic diseases (INF), respiratory system (RSP) and digestive system (DIG). These categories 

were chosen due to their significant impact on public health and because of their high frequency 

in the trial’s dataset. This data has been split following the same process implemented to split 

the total dataset. 

5. HINTBasic model 

The HINTBasic model is a very sophisticated architecture design which was created to predict 

the clinical trial outcomes by integrating several data sources like diseases, drugs and trials 

protocols. This model is going to process and encode this information before integrating it into 

the final framework. Each feature is going to contribute in a unique way to capture the very 

complex relationship between the variables that define if a clinical trial will reach the end of 

their phases. 

To include more medical information, we included a dataset of ICD codes. This means that we 

mapped these codes to their corresponding Clinical Classifications Software Refine (CCSR) 

categories. These codes are hierarchical, which means that they represent a relationship between 

diseases in a broader category which were then split into more specific categories: For example, 

the more general code "G90521" can also be split into variations such as "G9052", "G905" and 

"G90". This marked a crucial step in our modelling process, since it caused a reduction in the 

diversity of our data, which consequently enabled a division of clinical trials based on diseases 

and not the high quantity of conditions. For the trials with multiple ICD codes, we decided to 

create a one-hot vector to create a single composite vector that captured all related medical 

conditions. This approach allowed the model to take advantage of the hierarchical structure of 

medical conditions, enabling it to link trial outcomes with participants health conditions more 

efficiently. In this part we used a graph-based attention model, called GRAM, which is going 

to encode these hierarchical relationships. This did not only create embeddings for each ICD 
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code, but it also captured the semantic similarities between related diseases. As a result, the 

model’s performance is enhanced due to the added medical information. This is very important 

because it helped the model understand how certain diseases might influence the clinical trials 

outcomes, such as having a specific rare disease will decrease the probability of success, since 

it is very challenging to find eligible participants. 

The protocol encoder addressed the complex text description that is in the eligibility criteria. 

This column includes information associated with inclusion and exclusion criteria, which gives 

insights into the criteria that patients need to have or not to be an eligible participant of the 

clinical trial. For example, trials testing for drugs to cure cancer only consider patients which 

not only have a specific cancer but are also in a specific phase of the disease. It is crucial to test 

the effectiveness of the drug in the treatment, since trial protocols are essential to determine the 

scope and the focus of the trial’s proposal. To get all the information about the inclusion and 

exclusion, the data was split into two criteria, the inclusion and the exclusion criteria. After that, 

we employed Clinical Bert to generate the encoders at the sentence level (Guangyu Wang 

2023). The protocol embedding used the neural embedding techniques to analyze the 

descriptions, applying layers of processing that contained highway networks, to extract and 

refine the semantic meaning of the text. By converting text data into high-dimensional 

embeddings, the protocol encoder ensures that the small details of trial design are accurately 

reflected in the model, providing valuable insights into how trial structure impacts its success 

or failure. 

The molecular encoder is designed to handle data that is related to the chemical compounds, 

such as drugs that are being tested in the clinical trial. This encoder can capture the structural 

and chemical properties of the molecules and then transform that information into embeddings 

so it can be utilized in the model. This transformation is essential since the molecular properties 

of a drug significantly impact its safety, efficiency and the potential interactions within the trial. 
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One illustrative example of the potential risks associated with clinical trials revolves around the 

drug “Trastuzumab Deruxtecan”. Despite the occurrence of several adverse effects, including 

pneumonitis, which has resulted in fatalities, the drug was ultimately approved following a 

comprehensive evaluation of its safety profile (Modi et al. 2022). This encoder uses the 

Message Passing Neural Network denominated MPNN, which is a type of graph-neural 

network designed to process the molecular structure. In the MPNN, molecules are represented 

as graphs, which depict atoms as nodes while the bonds are illustrated as edges. As a result, it 

can reflect the inherent molecular chemical properties and structures. This is crucial for 

capturing the relationships and the interactions between different atoms. The MPNN is divided 

into two phases, with the first one being the passing message and the second one being the 

readout. This means that during the propagates the information across the graph by exchanging 

messages between nodes (atoms) and updating their representation based on the properties of 

their neighbors and the edges that are connected to them. This repetitive process enables the 

model to capture the local features, that are the type and properties of a specific atom, and the 

global features such as the connectivity of the entire model. In the second phase the molecular 

encoder is aggregating the updated node representations into a single vector to represent the 

entire model. This aggregation was done to ensure that the embedding captures all the chemical 

and structural of the drug. Embedding is of high importance as it enables the model to contain 

a rich representation of molecular properties, influencing the drugs behavior in the human body. 

This is due to its ability to provide information on how a drug might perform in a clinical trial, 

particularly regarding safety and efficacy.  

The data loader plays an essential role in efficient preprocessing and batching of datasets for 

clinical trials analysis and ADMET prediction tasks. The dataset structure for clinical trials 

manages multi-modal clinical data. It contains features such as NCT ID, labels indicating the 

trial outcome and SMILES to represent the molecular compounds. Additionally, it also contains 
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ICD-10 codes for disease identification, inclusion and exclusion criteria, and an additional 

feature, the enrollment number in its second version. The framework for ADMET focuses on 

predicting binary outcomes for ADMET properties, with SMILES strings as input features, and 

their corresponding label are binary (1 for positive and 0 for negative). 

In addition, collation methods were used for batching and model training. In the context of 

ADMET prediction, the SMILES string and their corresponding labels are grouped together in 

batches, while labels themselves are converted into machine learning compatible tensors. This 

includes encoding ICD codes, protocols, and molecular structures. For instance, SMILES 

strings are transformed into structured lists and transforming text-based criteria into numerical 

feature vectors. All preprocessing steps are designed to ensure that the data is clean, organized, 

and suitable for our downstream tasks. 

The data loading pipeline represents a crucial component of the machine learning workflow. It 

is responsible for preparing clinical trial data from CSV files and structuring it into training and 

evaluation batches. For ADMET prediction, it processes training and validation data for each 

property, creating task-specific datasets. This modular approach optimizes resource utilization 

of resources through efficient batching and merging of the data, while transforming data into 

structured, model-ready input, providing a robust foundation for machine learning models. 

Combining ADMET with clinical trial data enables researchers to design more targeted and 

informed clinical trials, increasing the probability of successful drug development. 

Consequently, development is streamlined with predictive models that enhance clinical 

decision-making are supported. This also causes improved drug efficacy and safety and reduces 

costly clinical trials failures. 

In the Graph Neural Network, the layers are designed to learn the interactions between different 

encoded features. Each node in the GNN represents an encoded feature like a disease, protocol 

information or a molecular property, while the edges represent the relationships between the 
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features. Through iterative aggregation the GNN layers improve the node representation by 

adding more information from the neighbors that they are connected to. This process allows the 

model to build a comprehensive view of the relations between several trials’ factors enabling 

the model to make better inform predictions. 

Highway layers in the module are used as a mechanism to allow a smoother gradient flow 

during the training, which is crucial for preserving information across deep neural networks. 

These layers operate by applying an adaptative computation approach, where each 

transformation is balancing the nonlinear and the linear way. These specific layers calculate the 

weight combination of a non-linear transformation and a similar linear transformation. These 

weights are determined by a gating function that uses sigmoid activation to control the flow of 

information, which ensures that the essential features from earlier layers are retained while 

allowing the network to still learn complex patterns. Adding these layers is highly beneficial 

for the model since it will prevent the vanishing gradient. This is since holding that specific 

gradient creates more complex training in deep networks, while also enabling the model to 

refine representations effectively. 

The model also uses the graph attention network that is denominated as GAT, to enhance the 

learning process by applying the attention mechanism to the graph. Unlike the other standard 

GNNs, GAT assigns the weights dynamically to edges based on their relevance, which allows 

the model to focus on the most important connections in the graph. Having this flexibility is 

very valuable since it can capture subtle interactions between clinical trials elements. 

Joining the Highway layers and the GNN layers creates a cohesive framework that works inside 

the HINTBasic model. The highway refining the features during the early stage of processing 

can ensure efficient information flows and prevent the loss of critical data.  

The model’s primary focus is on its interactions between the clinical trials protocols, molecular 

data and the disease information using the advanced neural network components to produce 
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meaningful predictions. After, the model initiated the encoding for each data point. This process 

raised for the protocol encoder regarding the text data of the eligibility criteria. The molecular 

encoder processed the chemical structure of the molecules, while the ICD code encoder operates 

regarding the hierarchical disease classifications. These encoders transformed the raw data into 

high dimensional embeddings that captured the essence of the information. Once the 

embeddings are generated, these are combined into an interaction representation, encapsulating 

the relationships between trial elements. 

A critical step involves computing a “disease risk” embedding, which represents the likelihood 

of complications related to the target condition. This risk embedding is then integrated with the 

interaction representation in the “augmented interaction” node, producing a richer and more 

informative feature set. 

Pharmacokinetics (PK) node leverages the ADMET framework, each property is modelled 

independently, and the resulting embeddings are combined into a unified PK representation, 

capturing the drug’s pharmacological profile. 

The enriched interaction embedding from the augmented interaction step is combined with the 

PK embedding to form a trial-level representation. This trial embedding is processed through a 

final node, which generates the predicted label, showcasing the probabilities of the clinical trials 

reaching the end of their phases, indicating their success or failure. Since the model employs a 

multi-task learning framework this allowed us to simultaneously optimize the model during the 

training, while also taking the used features into consideration.  

6. HINTPlus Model  

Enrollment is one of the mains factors leading to failure of clinical trials. To include this 

significantly impactful factor, we included the "enrollment" feature in our model, as this adds 

more crucial information about the success and failure of clinical trials (Kim et al. 2023) 

It was necessary to process the “enrollment” feature in the data loader to create a complete 
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clinical trial version with one additional variable compared to the original dataset. In the 

HINTPlus model the "enrollment" feature was treated as node on the GNN layers just like the 

other features in the previous HINTBasic. This allows the model to interact with all the features 

(ICD code, protocol and the molecular encoders) capturing the new relationships created by 

adding the enrollment.  

In the HINTPlus model, the “enrollment” feature was added and shared across multiple tasks, 

enabling the model to learn how enrollment size influences a trial’s outcome. This integration 

ensures that the model incorporated an additional important feature, which contributes 

meaningfully to predictions and, in turn, enhanced the model’s ability to predict success or 

failure. 

Furthermore, this model has been adapted to create specific versions according to the dataset 

featuring some selected diseases. The primary difference between the HINTBasic model and 

the specialized HINTPlus is to be found in the dataset specificity. This adjustment has been 

made to assess whether the specialized HINTPlus shows an improved performance than the 

generalized one. The following pipeline depicts the working processes of the developed models: 

 

Figure 4 - Pipeline of HINTBasic and HINTPlus 

7. Results  
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Classical machine learning methods, such as Random Forest and LogisticRegression, and 

traditional deep learning models like Multi-Layer Perceptron’s, often rely on limited features 

and fail to capture complex interactions among trial components. In contrast, the HINTBasic 

model leverages multi-modal data sources, integrates deep interaction mechanisms through 

weighted nodes, and incorporates pretraining with the ADMET dataset. This approach allows 

HINTBasic to dynamically model complex relationships, prioritize critical features, and utilize 

domain-specific drug knowledge, resulting in more accurate and reliable clinical trial outcome 

predictions.  

We tested three different models: we focused on traditional predictive models, such as the 

Logistic Regression, the XGBoost (Chen & Guestrin 2016) and modern neural network models, 

such as the Multi-Layer Perceptron. Additionally, we have included the HINT model, as it was 

trained initially with the old dataset.  The models have been tested using the PyTrial, which is 

a “Python package providing benchmarks and open-source implementation of a series of ML 

algorithms for clinical trial designs and operations” (pytrial.readthedocs.io) including trial 

outcome predictions. It includes an evaluation of clinical trial outcome predictions using the 

TOP benchmark (Fu et al. 2022) involving different machine learning prediction models and 

the HINT itself (Wang et al. 2023).  

The evaluation metrics to compare the diverse models are ROC - AUC, F1 and PR-AUC for 

evaluating the binary classification, i.e. the trial outcome labels. Those three metrics are widely 

used to evaluate the performance of predictive models, for classification tasks as in our case. 

Additionally, given the unbalanced nature of our dataset, F1 and PR-AUC are particularly well-

suited as they are designed to handle imbalanced data by focusing on precision, recall, and the 

performance of the minority class. 

The metrics we used are detailed, as follows: firstly, the Receiver Operating Characteristic – 

Area Under the Curve (ROC - AUC) measures a model's ability to distinguish between positive 
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and negative classes. The ROC curve plots the true positive rate (sensitivity) against the false 

positive rate (1-specificity) at various thresholds. The AUC (Area Under the Curve) 

summarizes this curve into a single value, where 1 indicates perfect discrimination and 0.5 

represents no better than random guessing. ROC-AUC is popular for its threshold 

independence, making it suitable for evaluating models when the relative costs of false positives 

and false negatives are unclear (Fawcett 2006; Huang & Ling 2005). Secondly, it balances 

precision and recall, providing a single measure of a model's accuracy that accounts for both 

false positives and false negatives. Then, the F1 score is particularly valuable in situations with 

imbalanced datasets (Van Rijsbergen 1979; Sokolova & Lapalme 2009). Lastly, the Precision-

Recall Area Under the Curve (PR-AUC) evaluates the relationship between precision and recall 

across thresholds, focusing specifically on the performance of the positive class. Unlike ROC-

AUC, PR-AUC ignores the true negative rate and is particularly suited to imbalanced datasets, 

where the positive class is underrepresented. PR-AUC provides a clearer picture of a model’s 

ability to capture positive cases, especially when false positives and false negatives carry 

significant costs (Davis & Goadrich 2006; Saito & Rehmsmeier 2015) 

7.1 Evaluation of Our Models  

To assess the efficacy of the HINTBasic models in diverse scenarios, we conducted experiments 

on both single phases (Phase I, Phase II, and Phase III) and on the combined dataset, containing 

all three phases. 

The two models adhere to the same structured methodology, involving data preparation, model 

initialization, training, and evaluation. About the single-task HINTBasic model, each phase was 

processed independently, with datasets partitioned into training, validation, and test sets. Prior 

to training, the model was pre-trained on relevant data, thus enhancing its capacity to capture 

characteristics specific to each feature.  
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7.2 Comparison between HINTBasic and HINTPlus 

 

Table 2 - Results of HINTBasic and HINTPlus 

The inclusion of the enrollment feature consistently improved the performance of the HINT 

model across all three phases. An examination of the PR-AUC and ROC-AUC metrics, which 

assess the model's capability to differentiate between successful and unsuccessful trials, 

revealed enhancements across over each phase when comparing the two models. Furthermore, 

the F1 score, which balances precision and recall, exhibited gains across phases, indicating that 

the integration of the enrollment feature resulted in enhanced prediction quality. 

The model demonstrated optimal performance in Phase I and Phase III, with or without the 

enrollment feature. Although, it outperformed across all three phases, achieving robust results 

with the inclusion of the enrollment feature. Precisely, it achieved F1 scores of 0.931, 0.865, 

and 0.899 in Phases I, II, and III, respectively. The inclusion of the enrollment feature 

consistently enhanced performance across all metrics, demonstrating its critical role in 

improving predictive accuracy. Overall, the enrollment feature proved to be a valuable addition, 

providing meaningful information that enhanced the model's ability to generate more accurate 

predictions. 

7.3 Evaluation of the HINTBasic with baseline models 

We trained the models using our up-to-date benchmark dataset, employing the pre-split dataset 

created earlier for consistent evaluation.  

The tables provided represent the performance of four different models (LogisticRegression, 

XGBoost, MLP, and HINTBasic) across three clinical trial phases (Phase I, Phase II, and Phase 

HINTBasic HINTPlus HINTBasic HINTPlus HINTBasic HINTPlus

PR-AUC 0.717 ± 0.007 0.878 ±  0.005 0.645 ± 0.007 0.783 ±  0.007 0.745 ±  0.007 0.822± 0.005

F1 0.835 ±  0.005 0.931 ± 0.003 0.784 ±  0.005  0.865 ±  0.005 0.854 ±  0.005 0.899 ± 0.003

ROC-AUC 0.724 ± 0.008  0.878 ±  0.007 0.547 ±  0.006 0.846 ± 0.007 0.535 ±  0.010 0.807 ± 0.009

Phase II Phase IIIPhase I 
Results comparison between HINTBasic  and HINTPlus
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III), evaluated using metrics such as ROC-AUC, F1, and PR-AUC.  

7.3.1 Phase I 

The table represents the results of the mentioned metrics according to the five different models 

ingesting the clinical trials in Phase I. HINTBasic outperforms all other models across all 

metrics, achieving the highest values for ROC-AUC (0.717), F1 (0.835), and PR-AUC (0.724).  

  

Table 3 - Table of results of the clinical trials prediction on Phase 

7.3.2 Phase II 

The table represents the outcome results of the mentioned metrics according to the five different 

models ingesting the clinical trials in Phase II.  Likewise Phase I, HINTBasic remains the best-

performing model, showing significant improvements in all metrics. It achieves 0.645 in ROC-

AUC, 0.784 in F1, and 0.547 in PR-AUC. The performance gap between HINTBasic and the 

other models is especially pronounced for ROC - AUC, further emphasizing its ability to handle 

unbalanced datasets effectively. 

 

Table 4 - Table of results of the clinical trials prediction on Phase II 

7.3.3 Phase III  

The table represents the results of the mentioned metrics according to the five different models 

ingesting the clinical trials in Phase III.  In the final phase, HINTBasic continues to slightly 

LogReg XGBoost MLP HINTBasic

ROC - AUC 0.608 ± 0.000 0.615  ± 0.000 0.599 ± 0.000 0.717 ± 0.007
F1 0.764 ± 0.291 0.763  ± 0.269 0.765 ± 0.260 0.835 ±  0.005

PR - AUC 0.7118  ± 0.008 0.7121 ± 0.008 0.7105 ± 0.007 0.724 ± 0.008

Models
Phase I Baseline Results

LogReg XGBoost MLP HINTBasic

ROC - AUC 0.523 ± 0.000 0.523 ± 0.001 0.523 ± 0.002 0.645 ± 0.007
F1 0.748 ± 0.246 0.748 ± 0.231 0.748 ± 0.273 0.784 ±  0.005

PR - AUC 0.589 ± 0.000 0.596 ± 0.004 0.599 ± 0.021 0.547 ±  0.006

Phase II Baseline Results
Models
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outperform the other models with ROC-AUC (0.745), F1 (0.854), and PR-AUC (0.535). The 

consistent improvement in these metrics across phases indicates that HINTBasic maintains its 

reliability as the dataset grows larger and more complex.  

 

Table 5 - Table of results of the clinical trials prediction on Phase III 

7.4 Disease groups evaluation  

Similarly to past studies (Fu et all, 2022), we have included an evaluation of the model’s 

performance on different datasets separated per groups of diseases. Given that the best 

performing model is HINTPlus, we present the results in Table 6.  

 

Table 6 - Table of results of the clinical trials prediction on HINTPlus per diseases 

If the metrics achieved by the HINTPlus across specific diseases are compared with the ones 

accomplished by the general model, it can be denoted the superior performance of the disease 

LogReg XGBoost MLP HINTBasic

ROC - AUC 0.523 ± 0.000 0.519 ± 0.000 0.528 ± 0.000 0.745 ±  0.007

F1 0.883 ± 0.274 0.832 ± 0.254 0.834 ± 0.251 0.854 ±  0.005

PR - AUC 0.416 ± 0.003 0.414 ± 0.003 0.515 ± 0.003 0.535 ±  0.010

Phase III Baseline Results
Models

Diseases Groups ROC - AUC F1 PR - AUC
DIG - Phase_I 0.8571 ± 0.0196 0.8405 ± 0.0133 0.7251 ± 0.0195
DIG - Phase_II 0.7777 ± 0.0293 0.8546 ± 0.0116 0.7464 ± 0.0176
DIG - Phase_III 0.7747 ± 0.0321 0.8382 ± 0.0174 0.7219 ± 0.0261
NVS  - Phase_I 0.7760  ± 0.0374 0.8297 ± 0.0262 0.7388 ± 0.0374
NVS  - Phase_II 0.8309 ± 0.0235 0.8668 ± 0.0182 0.7811 ± 0.0273
NVS  - Phase_III 0.8469 ± 0.0362 0.8511 ± 0.0181 0.7413 ± 0.0275
NEO - Phase_I 0.7754 ± 0.0360 0.8294 ± 0.0213 0.7382 ± 0.0314
NEO - Phase_II 0.8349 ± 0.0221 0.8687 ± 0.0122 0.7838 ± 0.0162
NEO - Phase_II 0.8338 ± 0.0430 0.8371 ± 0.0232 0.7205 ± 0.0344
INF - Phase_I  0.7486 ± 0.0338 0.8927 ± 0.0087 0.8190 ± 0.0150
INF - Phase_II 0.7783 ± 0.0181 0.8854 ± 0.0074 0.8092 ± 0.0118
INF - Phase_III 0.7730 ± 0.0231 0.9109 ± 0.0068 0.8425 ± 0.0126
RSP - Phase_I 0.8653 ± 0.0739 0.8504 ± 0.0483 0.7428 ± 0.0712
RSP - Phase_II 0.8131 ± 0.0525 0.7137 ± 0.0419 0.5565 ± 0.0500
RSP - Phase_III 0.8326 ± 0.0854 0.8408 ± 0.0374 0.7271 ± 0.0549

HINTPlus
Disease groups evaluation with HINTPlus
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specific one. For instance, if the infectious diseases (INF) are considered, the model shows an 

improved of F1 score for Phase III and an enhanced PR-AUC across all phases, suggesting that 

model may return less false positives results (a false positive occur when a trial is mistakenly 

predictive as a success, while it is a failure). 

Similarly, in the cases of nervous system diseases (NVS in Phase II and III), neoplasms (NEO 

in Phase II and III), respiratory diseases (RSP in Phase I and III) and digestive system diseases 

(DIG in Phase I and III), a better ROC-AUC is observed. 

These results demonstrate that the diseases specific model maintains robust accuracy in the 

predictions of trials outcomes across the diverse phases despite the degree of complexity of the 

relationship established. 

This performance early confirms the reliability of HINTPlus as an analytical tool, making it 

suitable even for highly specific, complex scenarios like clinical trials focusing on individual 

diseases. 

7.5 Results overview   

Our models have been compared to the HINT model from the original paper, as well as to other 

baseline models, to better assess the quality of our approach. 

HINTBasic consistently outperforms all other baseline models across all phases and metrics, 

demonstrating its superiority in clinical trial outcome prediction. Its ability to handle 

unbalanced datasets is evident in the significantly higher F1 and PR-AUC scores. Traditional 

models like LogisticRegression and XGBoost lag significantly in performance, as they do not 

include pretraining with the ADMET dataset, which limits their ability to incorporate domain-

specific drug-related properties into their predictions.  

Furthermore, the HINTBasic achieves better results compared to the original HINT, primarily 

due to the upgrades operated on the encoders. Specifically, the protocol encoder has been 

enhanced by utilizing the ClinicalBERT model (Wang et al. 2023), which has enabled more 
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accurate and effective encoding of the clinical trial protocols. Indeed, it demonstrates the 

significant advantage of improving encoders to boost performance in prediction models that 

rely on textual data.   

The HINTPlus model, with the addition of the enrollment feature, demonstrates relevant 

improvements over the HINTBasic results. It is to be mentioned that the trend observed in 

HINTBasic, where Phase III and Phase I performed better than Phase II, is also evident in the 

models we developed. This consistency highlights potential intrinsic differences in trial 

characteristics across phases that influence the predictive framework performance. Notably, the 

HINTBasic model can overcome most of these challenges, turning it into the most effective 

approach for predicting outcomes across each phase.   

Furthermore, it is noteworthy that the HINT paper used the p_value and why_stop, as well as 

IQVIA, to categorize outcomes as either successful or unsuccessful, whereas our model relies 

on a different labeling method developed by us. This distinction in criteria may impact results 

and partially explain performance variability between our models and those reported in the 

HINT model.  

To conclude, these findings illustrate that HINTPlus model is our best model, as it clearly 

showcases the value of implementing tailored approaches and feature enhancements in the field 

of clinical trial prediction. This is further emphasized by the model behavior on preselected 

diseases, as argued above, as the HINTPlus demonstrated meaningful efficacy by adapting to 

the distinctive characteristics of each disease, resulting in enhanced predictive accuracy across 

diverse trial phases and complexities. 

8. Discussion 

Our work’s foundation has been data. Its quality and comprehensiveness have highly influenced 

our outcomes. However, our data has also limited our work. To provide a balanced 

interpretation of our findings, we are going to discuss the limitations associated with the data 
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and models used. Additionally, we are going to provide a cost-benefit analysis to measure the 

model’s effect. After that we will dive deeper into the implications of the model’s 

implementations for involved stakeholders.  

8.1 Data-related limitations 

In terms of data-related limitations, dependency on high-quality and complete data is a central 

limitation. Due to our model having a multi-modal data architecture, which is leveraging ICD 

codes, clinical protocols and molecular data, it is highly sensitive to missing values. As a result, 

this could lead to errors and thus to a significant decrease in predictive accuracy. The fact that 

our work is based on a neural network model makes it challenging to interpret and validate the 

reasons for the results. This might also have implications when it comes to changing 

management, as stakeholders could potentially not have enough trust in the model’s accuracy, 

due to its complex nature and their limited knowledge (Chopra et al. 2024) 

Additionally, our work is focused on interventional clinical trials testing drugs. Since we are 

not limiting prediction on a specific disease, it might fall short due to not considering specific 

factors influenced by a disease. As a result, our model might lack granularity to predict the 

clinical trial’s success. 

This limitation is closely connected to another one we are encountering, which is data scarcity. 

Although we are working with multi-modal data architecture, it is still possible that our model 

still does not meet the necessary amount of data to make an accurate prediction. This is even 

more prominent when considering that our dataset is imbalanced, having more success cases 

(83,360) than failure cases (19,295). This could happen when researchers want to predict a 

clinical trial outcome which concerns a rare disease. Due to insufficient data about rare diseases, 

our model might have to face difficulties since it is not able to learn from robust patterns (Nestor 

et al. 2018).  
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8.2 Cost/Benefit analysis 

After addressing data-related limitations, it is now equally important to evaluate the economic 

feasibility of our proposed model. This is done by assessing both costs and benefits to see if 

stakeholders would benefit from implementation. This calculation’s purpose is to provide 

critical insights into the model’s value.  

8.2.1 Benefits 

The predicted results demonstrated by our HINTPlus model can be leveraged to improve the 

overall efficiency of the trial process. Indeed, one of the main benefits consists in shortening 

the trial timeline.  

Given the integration of this model into a trial streamline, the reduction of the number of failed 

trials can be assumed to range from 10 % to 15 %. This estimation is achieved through a 

calculation, broken down as follows.  

Given the results in terms of F1 score, observed in Phase III for both the HINTBasic and 

HINTPlus, it can be stated that the result achieved by the latter shows better differentiation 

between successful and failed trials.  

Thus, the improvement pursued can be quantified through the following: 

 

Table 7 - Improvements in percentage of HINTBasic compared with HINTPlus 

HINTPlus demonstrates an ability of distinguishing successful from unsuccessful higher than 

11,50%, 10.33% and 5.23%, respectively to their phases, in comparison to the HINTBasic. The 

comparison has been based on the F1-score metric, as it is the most suitable method to assess 

the general performance in the case of highly imbalanced datasets, like the one here employed.  
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Since real-world factors such as operational complexity, uncertainty and regulatory 

implications need to be considered and given that multiple and reliable sources estimate AI 

improvements on clinical trials to be in the range from 10 % to 30 % (McKinsey 2023), we will 

assume a net 10 % to 15 % reduction of failed trials. Taking this into consideration, the overall 

duration may be reduced by 15 % to 30 % (McKinsey 2023).  

Specifically, patient recruitment and enrollment stages would be more targeted, and the process 

would be consequentially shortened. Predictive accuracy may also improve the decision-

making process, leading to faster Go/No-Go decisions, which will additionally decrease 

timelines. If looking at Phase-specific statistics, earlier Phases trials (Phase I and Phase II) could 

feature time-savings spanning between 6 and 12 months; similarly, Phase III trials could benefit 

from a reduction approximately equal to the 20-25 % of their average duration (2-4 years).  

Hence, if a total development timeline of 15 years is assumed, the model integration could lead 

to a time saving estimation spanning from 1.5 to 4.5 years.  

This will eventually ensure improved efficiency, consequently reducing the operational burden 

on the workflow. Furthermore, it might be helpful to tailor specific strategies to avoid early trial 

termination and to enhance patient recruitment.  

8.2.2 Lower costs implications 

In terms of cost, given the benefits analyzed above, potential savings may be computed by 

making some assumptions. Assuming that 10 %-15 % of failed trials could be early detected 

and avoided across all phases, which could potentially save $ 260 to $ 390 million (10 % to 15 

%) per each drug development process, if the average $ 2.6 billion expenditure is taken into 

account. To breakdown this estimate, we can make the following calculations: 

Patient recruitment accounts from 30 % to 40 % of the overall trial budget expenditure (Getz et 

al. 2016), therefore if the model is applied, the cost can be reduced by 15 % at least (e.g. if the 

cost is equal to $ 15 million, $ 2.25 million could be saved). Phase-specific expenditure span 
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from $ 4 to $ 52 million (DiMasi et al. 2016), depending on the Phase stage; if an average cost 

of $20 million is considered, savings could be estimated in $3 million (15 %) per phase. Other 

operational expenses, such as data handling, logistical and outsourcing support, and staff 

salaries account for almost $1 million per month (Sertkaya et al. 2016), equal to 12 million per 

year; thus, a timeline reduction of 2 years can reduce the operational charges for up to $24 

million.  

Despite the positive metrics achieved, our HINTPlus model can make errors and provide 

unreliable answers. Specifically, the error rate is estimated to be around 0.101 (1-F1 score = 1-

0.899). 

8.3 Business implications based on stakeholders  

Building on this calculation, it is also crucial to consider all the potentially involved 

stakeholders in the usage of our model. Our goal is to examine implications, while also 

providing actionable insights to support informed decision-making in a real-world setting. The 

following stakeholders are the focal point of this discussion: Researchers, Pharmaceutical 

Companies, Regulators, Healthcare Providers and Patients.  

Before delving into the potential impact of our work regarding stakeholders, the implication 

represented by adoption costs need to be addressed; for instance, embracing a machine learning 

tool into a clinical trial workflow brings numerous limitations, ranging from technology costs 

to legal allegations. Therefore, adopters might face substantial expenses in terms of resources 

such as technology acquisition, infrastructure set up, trained personnel recruitment, operational 

recurring costs and possible outsourcing costs (McKinsey 2023). 

Hence, the initial investment to adopt a ML-based model is undeniably resource-intensive, even 

though it may be argued that the payback period is short, as benefits can be observed in the 

immediate period following the integration.  

Secondly, another implication that has to be highlighted lies in the fact that collaboration and 
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communication across all stakeholders are of significant importance when it comes to 

successfully implementing machine learning methods into clinical research. An open culture 

for benefits and drawbacks has to be embraced, while best practice methods need to be shared 

in order to successfully apply these methods (Weissler et al. 2021, 11-12).  

The integration of our model could impact researchers and health care providers work 

significantly, as it could potentially enhance the success and efficiency of clinical research. The 

resource optimization that comes with the implementation of our model would also positively 

impact their work, as the prediction of success or failure would maybe prevent them from 

starting a clinical trial which is not going to be successful according to our prediction.  

However, researchers should also be alerted when it comes to the data used in training the 

model. To prevent overfitting from happening, which in return causes a poor performance of 

the model, it is of high importance that researchers validate their models in different settings. 

This practice ensures that the model generalizes well and is not merely capturing noise in the 

training data, while not fully considering underlying patterns of the data (Kappen et al. 2018, 

4).  

The accelerated timelines of drug development do not only benefit researchers but also 

pharmaceutical companies, as they are able to launch new drugs to the market faster, improving 

their position in the market as well as their competitiveness and thus potentially increasing their 

ROI. This is especially vital, since it has been found that AI can significantly reduce drug 

development. The optimized resource allocation, which comes with the use of AI, can lead to 

efficient trial design, which impacts savings made in the process of drug development (Weissler 

et al. 2024, 4-5). The economic impact of drugs being launched into the market on 

pharmaceutical companies can be measured in a company’s stock prices. The company 

“BridgeBio Pharma” has seen a significant surge in stock after the FDA has approved their drug 

based on their clinical trial results, treating a rare heart condition, which might influence market 
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dominance. The company is expected to reach global sales of $ 2.5 billion by 2035 (Investor's 

Business Daily 2024).  

This stands in stark contrast to the company “Cassave Science”, which experienced a failed 

clinical trial, focused on testing an Alzheimer’s drug. The announcement was followed by a 

stock drop of 84 %, indicating that the company’s value was highly influenced by the outcome 

of this clinical trial. Although pharmaceutical companies can highly benefit from the integration 

of AI in clinical trials, this also comes with limitations. These include data privacy concerns, 

regulatory and ethical constraints (GlobeNewswire 2024).  

This leads us to examine implications and limitations of regulators. The usage of machine 

learning in clinical trials is highly relying on evaluations or FDA representatives. These suggest 

that ML practices in clinical trials are seen as high-risk use cases. The reason for this 

classification is the potential of errors and biases which are influencing the algorithm. While 

pharmaceutical companies and researchers are limited by regulators such as the FDA, the FDA 

is limited by the lack of an existing guideline. However, they are open to collaborating with 

sponsors and stakeholders on a case basis to support implementations (Weissler et al. 2021, 10-

11). Implications for patients would firstly be a minimized treatment burden, as researchers 

already know beforehand that a trial is not going to succeed, which then prevents unnecessary 

treatments or therapies from happening. This has the potential to save patients from being 

impacted by the trial physically and/or emotionally. Additionally, prediction of clinical trial 

outcomes is linked to early identification of risk factors, leading to adjustments of clinical trials 

which in return could improve overall health outcomes. Since ML implementations also have 

a positive effect biomedical evidence, they could potentially save humans and reduce their 

suffering (Kappen et al. 2024).  

Future research can focus on addressing these challenges by developing solutions using other 

frameworks, which could be tailored to regulatory and ethical requirements, while also having 
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higher interpretabilities for all stakeholders. While generalizability and scalability can be 

improved by training the models on more diverse datasets, which include an even wider range 

of data, it should also be considered that disease-specific models could be able to make an 

enormous contribution to the prediction of clinical trial outcomes.  

 

 

Figure 5 - Identification of the stakeholders 

9. Conclusion 

The thesis aims to provide a novel approach at predicting clinical trial outcomes by integrating 

Large Language Models techniques and leveraging the Hierarchical Interaction Network. The 

goal of this research is to enhance the process of drug development, which is achieved by 

proposing the integration of LLMs predictive framework into the trial streamline. 

Our HINTBasic model’s ability to handle a wide range of diverse datasets including integrate 

ICD codes, molecular data, and trial protocols resulted in significant enhancements in predictive 

performance. These advancements were exhibited by significant improvements in PR-AUC and 

ROC-AUC scores in comparison to baseline models, conveying robust differentiation between 

successful and failed trials. Moreover, by comparing HINTBasic with HINTPlus, which 

includes enrollment, we saw improvements underscoring the importance of this new feature in 
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achieving better predictions values, causing it to be our best model.  By accelerating trial 

processes, the model is forecasted to decrease the duration of drug development by 15-30 %, 

resulting in savings of 6-12 months in earlier phases (Phase I and II) and a 20-25 % duration 

reduction in Phase III. Given its predictive power, our HINTBasic model can handle 

inefficiencies and significantly lower the high costs associated with failed trials. Indeed, the 

integration of the framework into a clinical workflow is estimated to reduce trials failures by 

10 % to 15 %, potentially resulting in cost-savings equal to $ 260 to $ 390 million for each drug 

development process, if considered a total expenditure of $ 2.6 billion. For instance, patient 

recruitment, which is a major cost center accounting for 30-40 % of the trial budget, could 

feature a cost reduction equal to 15 % due to a more targeted approach.   

Although the model exhibits impactful benefits, it still must face challenges such as the model’s 

reliance on high-quality. Data scarcity, specifically for rare diseases, is a significant risk to the 

prediction’s performance.  

Several stakeholders face significant implications, while also having to evaluate ethical 

considerations. While Researcher’s and Health Care Provider’s work is influenced by better 

resource allocation, while also reducing the initiation of unlikely successful trials, 

Pharmaceutical Companies benefit from accelerated drug launches, enhancing market 

competitiveness and ROI. Patients health outcome might also be improved through early risk 

identification, which can have an impact on their whole lifespan. All these stakeholders are 

affected by regulators, which can enhance the implementation of AI in clinical trials by 

collaboratively developing regulatory frameworks.  

In terms of future outlooks, we believe that actions that might be performed on our current 

work, to accomplish further improvement, include dataset expansion, as diversity is required to 

achieve generalizability and scalability.  

An example of future work to be implemented is the development of personalized models to 
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address clinical research for specific diseases and in techniques refinement to ensure granularity 

and accuracy of predictions. Additionally, ethical bias must be addressed, which can be 

executed through the integration of equity-focused frameworks and guidelines. Conclusively, 

the thesis depicts benefits and challenges associated with the adoption of machine learning 

techniques into the field of clinical trials.  

Specifically, our work showcases the potential predictive ability of the HINT model to 

revolutionize the trial process, opening the frontier to a more operationally efficient and cost-

effective drug development. Its implementation could lead the way for a major adoption of AI-

driven models in the healthcare industry, ultimately enhancing the patients journey by reducing 

the leap time between treatments development and go-to market, while ensuring optimized 

efficiency. 
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10. Enhancing Trial Predictions through Uncertainty 

Quantification 

10.1 Introduction 

This paper focuses on improving the predictive performance of the HINTPlus model by 

addressing uncertainty quantification through the integration of the selective classification 

technique.  

Assessing uncertainty guarantees reliability of the model results, which are of extreme 

importance in the field of clinical trials, where predictions have a direct influence on the study 

process and quality of outcomes; indeed, poor results accuracy has been identified as the most 

frequent root cause for failures in later stage clinical studies, with trials not reaching their 

endpoints due to inconsistent results (Arrowsmith 2011).  

Furthermore, uncertainty can impact the process of patient recruitment and retention, since 

models may fail to properly classify participants, leading to inappropriate inclusion or exclusion 

criteria and resulting in skewed trials outcomes (McHugh et al. 2019).  

In economic terms, the costs associated with uncertainty are substantially high, since include 

the expenses for extended trials, further analysis and the opportunity costs related to the 

potential delays in the launch of the new treatment (DiMasi et al. 2016). 

In cardiovascular drug trials, for example, reducing uncertainty and streamlining trial design 

have been identified as key strategies to lower costs while maintaining trial integrity (Califf et 

al. 2005). 

Therefore, uncertainty implies multiple consequences for clinical trials, which span from the 

reliability of study outcomes to the economic and operational impacts on the trial pipeline.  

To mitigate these effects, uncertainty quantification mechanisms can be employed with the aim 

of improving prediction accuracy and ensuring the compliance with the integrity standards. 

Such techniques are fundamental to shorten the overall drug development process and guarantee 
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the efficiency needed to deliver effective treatments to patients. (Chen et al. 2024) 

Selective classification is employed with the aim of allowing the model to withhold predictions 

when faced with input samples characterized by ambiguity or low confidence.  

Conversely, this method improves the overall accuracy of predictions by ensuring that the 

model only makes decisions when it is confident enough about the outcome. (Chen et al. 2024) 

10.2 Literature Review 

Uncertainty quantification has emerged as a vital aspect of machine learning, particularly in 

domains where high-stakes decisions are made, such as healthcare and clinical trials.  

Numerous methods to address the issues associated with uncertainty in the clinical research 

industry have been developed in the last decades and provided multiple efficient solutions. 

One approach is indeed represented by the conformal prediction methods, which are model-

agnostic and establish the threshold based on the calibration sets to guarantee reliable and 

rigorous predictions. Hence, conformal prediction methods generate prediction sets that include 

the true label with a user-specified probability.  

These frameworks have been formalized by Vovk et al. (2005) and their application mostly 

involved binary classification problems, including clinical research and diagnostic, mainly due 

to their ability to provide explicit, non-asymptotic guarantees.  

Another technique to quantify uncertainty lies in the Bayesian methodologies, in which model 

parameters are not treated as fixed values, but rather as probabilistic distributions (Nemani et 

al. 2023).  

The Bayesian method appear to be particularly suitable in the case of quantifying epistemic 

uncertainty, which occurs from limited knowledge in the process of generating data. In the field 

of clinical trials, Bayesian models have been employed with the aim of estimating the likelihood 

of success for the studies, by combining prior knowledge and observational data. It has been 

argued by Nemani et al. (2023) how Bayesian methodologies may lead to significantly improve 
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robustness if integrated in the model streamline, despite their computational demands might 

frequently require the aid of approximations such as Monte Carlo sampling or variational 

inference. 

Ultimately, Lakshminarayanan et al. (2017) argued the efficacy of deep ensembles application 

in the context of uncertainty quantification; this method is implemented by training numerous 

neural networks using the same architecture but employing different initializations. This 

approach allows ensembles to capture both epistemic and aleatoric uncertainties, the latter 

deriving from inherent noise in the data. Deep ensembles have been applied in the domain of 

clinical trials to predict outcomes by aggregating predictions across multiple models. This 

methodology was particularly emphasized in Hong et al. (2020) for drug toxicity predictions.  

The methodology here employs the selective classification technique explored by Chen et al. 

(2024) to manage uncertainty in the HINTPlus model.  

This approach operates based on the assumption that predictions should all be treated equally, 

since certain inputs may intrinsically carry ambiguity or even be outliers, leading the model to 

return outputs with low-confidence scores (confidence scores are indicators of the model’s 

certainty regarding a given prediction) (Chen et al. 2024, 1). 

Indeed, selective classification enables the model to stop from making predictions when 

confidence level is not as high.  

To accomplish this, confidence scores are compared against a pre-selected threshold; the 

threshold is established based on the application, with higher thresholds guaranteeing the 

acceptance of only the predictions associated with high confidence scores. However, it needs 

to be taken into account that the higher the threshold, the lower the coverage, as a great number 

of cases for which the model provides a decision is to be excluded (Chen et al. 2024, 2).  

By withholding predictions for uncertain cases, the method ensures that the overall accuracy of 

the model is improved, therefore also the reliability of the outputs is enhanced.  
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For instance, the application of selective classification is valuable in contexts associated with a 

substantial cost of incorrect predictions. However, increasing the confidence threshold may 

result in a higher abstention rate, therefore reducing the overall coverage. This methodology 

not only enhances trust in automated systems but also mitigates the risks associated with 

incorrect predictions, making it an essential tool for applications where the cost of errors is 

high. However, its effectiveness depends on appropriate threshold selection, the availability of 

fallback mechanisms, and a balanced understanding of the trade-off between coverage and 

accuracy (Chen et al. 2024, 2). 

10.3 Methodology  

The methodology begins with the HINTPlus, an end-to-end framework designed for clinical 

trial outcome prediction. HINTPlus integrates multi-modal data sources, including drug 

molecules, disease information, and trial protocols. The data is processed through an input 

embedding module and is pretrained with external pharmacokinetic knowledge, including 

absorption, distribution, metabolism, excretion, and toxicity (ADMET). 

Selective classification is integrated in the model to enhance its predictive ability, since it allows 

the framework to withhold predictions when the confidence score is below a pre-established 

threshold. The threshold operates as a decision boundary and is derived through several key 

steps which include data preprocessing, model training, uncertainty estimation, and selective 

decision-making. 

The mechanism is applied to Phase I, Phase II and Phase III studies to evaluate its impact across 

the overall trial process. 

The threshold mechanism is implemented by first deriving prediction confidence scores using 

softmax probabilities. These confidence scores are then calibrated to align with realistic 

probabilities, achieved through techniques such as temperature scaling and binomial statistics. 

The calibrated scores allow for the application of a threshold to determine whether the model 
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should return a prediction or abstain. Then, fine-tuning is iteratively applied during the training 

and validation phases. The training data is split into calibration and validation subsets (with the 

calibration set consisting of n=200 samples), with the aim of facilitating the computation of 

selective risk. Selective risk allows to quantify the error rate of the model for predictions 

meeting a specific confidence threshold and is defined as 1−α, where α represents the risk 

tolerance (in this specific case, α is set to 0.1, to assure a maximum error rate of 10%, given 

that the context in which the model operates is characterized by high-stakes decisions) (Mindee 

2024). After computing selective risk, the optimal threshold lambda (λ^) is identified by 

evaluating a range of candidate thresholds lambda (λ) between 0.3 and 0.9; this range (0.3 - 0.9) 

is selected by taking into consideration empirical observations, and by assuming that it is 

aligned with the confidence scores distributions expected in this context. In the field of clinical 

trials, this spectrum ensures both inclusivity and reliability. (Johnson et al. 2020) 

For each threshold, the selective accuracy (equal to 1−selective risk) and the fraction of points 

retained are computed. In correspondence of this optimal threshold, the optimal balance 

between accuracy and coverage is accomplished. Higher thresholds lambda (λ) account for 

more reliable predictions by ensuring the return of only reliable predictions, though at the cost 

of reduced coverage. Conversely, lower thresholds allow for greater coverage but increase the 

risk of erroneous predictions. 

These computations visualize the trade-off between accuracy and coverage, enabling the 

identification of the highest lambda (λ), which is the optimal lambda (λ^), for which the 

selective risk is steadily below 1−α, thereby guaranteeing that the model operates within the 

predefined risk tolerance while seeking accuracy optimization.  

Ultimately, the model's performance is assessed through traditional metrics such as PR-AUC, 

F1 score, and ROC-AUC, as well as selective accuracy, which measures the accuracy of 

predictions retained after applying the threshold. This ensures that the model's reliability 
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improves by selectively abstaining from low-confidence predictions. 

In conclusion, the integration of uncertainty quantification through selective classification 

significantly enhances the predictive reliability of the HINTPlus framework. By abstaining 

from low-confidence predictions, the model ensures higher accuracy and reliability, particularly 

in critical contexts like clinical trials, where erroneous predictions can have profound 

consequences. This methodology provides a systematic approach to reach the trade-off between 

accuracy and coverage, ensuring that predictions meet rigorous reliability standards while 

remaining practically applicable.  

10.4 Results 

The results achieved in each phase are here discussed as follows.  

The graphs provided showcases the dynamics between accuracy and coverage. Accuracy is 

represented by the blue curve, while the orange curve represents the coverage (the fraction of 

points kept). The optimal threshold lambda (λ^) is illustrated by the vertical line, while the 

horizontal line represents the risk tolerance (1−α). Given the high stakes context of the clinical 

research fields, the error rate needs to be minimized, thereby the selective risk is set to the fixed 

value of 0.1, (corresponding to a confidence level of 90%) to ensure high consistency and 

robustness. Since α (selective risk) is here fixed at 0.1, the algorithm naturally selects as the 

optimal lambda (λ^), the threshold that guarantees to reach the highest accuracy within the 

allowed risk tolerance. 

This intersection between the curves serves as an indicator of the point in which accuracy begins 

to be favored against inclusivity. Beyond this threshold, precision is prioritized, therefore a 

higher number of predictions are withheld, assuring higher reliability. While the intersection 

itself is not necessarily the optimal threshold lambda (λ^), it provides valuable insight into the 

model's performance. 

Generally, a pattern can be observed throughout all the phases, as lower thresholds involve 
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extended coverage but reduced accuracy, whereas higher thresholds enhance accuracy at the 

expense of reduced coverage.  

10.4.1 Phase I 

In terms of precision and accuracy metrics, the HINTPlus model showed a significant 

performance. Indeed, the PR-AUC, Precision-Recall Area Under Curve, shows a major 

improvement, with a mean of 0.9705, signaling that the model successfully identifies the factors 

influencing trials outcomes (such as specific criteria). Likewise, the F1 score returned a higher 

value, equal to 0.977, indicating that both true positives and true negatives are correctly 

predicted. Another relevant KPI demonstrating the reliability of the predictive framework, is 

the selective accuracy, which is equal to 0.9546. 

Contrarily, the ROC-AUC observed is equal to 0.6143, notably lower than the value obtained 

without selective classification (0.8780), potentially implying a better model behavior in 

general class discrimination rather than on the entire dataset, mostly due to its ability to process 

more points, including those that may be ambiguous. 

Ultimately, it is to be mentioned the limitation of the selective classification approach, which 

is the trade-off between accuracy and coverage; indeed, the fraction of points kept exhibits a 

mean of 43.62%. 

 This can be observed in the graph, which 

shows the balanced between accuracy and 

the fraction of data points retained as a 

function of the confidence threshold lambda 

(λ). It can be noticed that accuracy improves 

as lambda (λ) increases, therefore the model 

correctly withholds predictions with low 

confidence scores. On the contrary, as lambda (λ) increases, the fraction of points kept 

Graphic 7 - Selective Accuracy and Fraction Kept – Phase I 
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decreases, meaning that the model priorities precision. In this case, the intersection falls on the 

left of the optimal lambda (λ^), meaning that a meaningful portion of coverage is still preserved, 

despite prioritizing precision (the fraction of points kept in correspondence of the selective 

accuracy indicates that the 43.62% of the points are retained).  

Without selective classification, the model returns a less precise performance; the PR-AUC 

drops to 0.8778, and F1 score is also lower, at 0.9317, reflecting a greater balance between 

precision and recall (See Appendix, Graphic 7). 

10.4.2 Phase II 

Selective classification has then been applied to Phase II, and the following results have been 

obtained.  

Still, the model showcased a strong performance in precision-related metrics, accomplishing 

major improvements if compared to the metrics returned without selective classification; for 

instance, the PR-AUC shows a mean 0.9445, while the F1 score achieved a mean 0.9632. 

Likewise, selective accuracy is equal to 0.9290, enhancing the reliability of predictions. 

However, in this phase, it is to be underlined the low fraction of points kept for which it is 

observed a mean of 0.3025, meaning that an extremely conservative approach has been 

employed when selecting predictions (leading to high precision and accuracy score).  

Without selective classification, broader 

coverage is achieved at the cost of reduced 

precision. The PR-AUC and F1 score both 

show lower values, equal to 0.7835 and 0.8651 

respectively (See Appendix, Graphic 8). 

Similarly to Phase I, also in Phase II the ROC-

AUC observed is remarkably low at 0.5624, 

yet highlighting the challenges of operating with the entire dataset.  

Graphic 8 - Selective Accuracy and Fraction Kept – Phase II 
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The graph provided shows the trade-off between accuracy and coverage, and it can be noticed 

that increasing lambda (λ) leads accuracy to improve, while the fraction of data points kept 

sharply decreases, thereby sacrificing coverage. In this case, the optimal lambda (λ^) is located 

to the right of the intersection, furtherly confirming that the chosen threshold prioritizes high 

confidence in predictions over inclusivity. 

10.4.3 Phase III 

Ultimately, selective classification has been applied to Phase III, and the following outcomes 

have been observed.  

Likewise to the other phases, the model demonstrates substantial improvements in metrics 

related to precision; for instance, it has been accomplished a PR-AUC of 0.9452, and an F1 

score of 0.9667, significantly higher than the ones obtained without selective classification 

(equal to 0.823 and 0.899 respectively). These results signal the balance in precision and recall, 

which may to lead to the minimization of false positives, extremely crucial in late phases trials. 

Indeed, selective accuracy scored a value equal 0.9357, furtherly underlying predictions 

reliability. However, similarly to what has been observed in the other phases, the ROC-AUC 

returned a lower value, equal to 0.5647, than the ROC-AUC achieved by the model before 

applying selective classification (See Appendix, Graphic 9). 

With regards to coverage, the fraction of points kept averages 0.4118, yet reflecting a 

conservative approach, which is actually aligned with the Phase III trials scope of complying 

with regulatory priorities and avoiding 

incorrect predictions. 

 As shown by the graph, accuracy increases 

as the threshold lambda (λ) increases; this 

demonstrates the model increasingly 

conservative approach, which prioritizes Graphic 9 - Selective Accuracy and Fraction Kept – Phase III 
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predictive accuracy at the expense of coverage, since the fraction of data points kept 

significantly decreases. The absence of an intersection of the curves indicates that the fraction 

of data points retained decreases faster than accuracy improves. This reflects the model’s steady 

focus on achieving high confidence in predictions at higher thresholds, resulting in a 

prioritization of reliability over inclusivity. 

In contrast, when selective classification is not applied, the model prioritizes broader coverage 

but at the expense of reduced precision and reliability.  

By implementing this approach, it is ensured the compliance of the model outcomes with the 

rigorous standards required by regulators (such as EMA and FDA) for late stages trials, even if 

coverage is reduced, in order to minimize false positives and avoid severe consequences on the 

study streamline. 

10.5 Discussion – Cost/Benefit analysis 

The integration of an uncertainty quantification technique, such as selective classification, into 

clinical trials streamline, offers an innovative approach which may lead to enhanced efficiency 

and effectiveness in the study processes. Indeed, selective classification implements a 

mechanism which allows the model to return exclusively high-confidence prediction, thereby 

guaranteeing increased reliability and potentially lowering the costs associated with incorrect 

outcomes. Thus, selective classification lowers the risks associated to both false negatives and 

false positives outcomes, which is of significantly relevant especially in later phase trials. 

According to Geifman & El-Yaniv, 2017, the application of machine learning techniques 

featuring selective classification into the field of clinical research, has demonstrated the ability 

to decrease error rates by up to 20% while assuring selective accuracy values of over 95%; 

Table 8 - Results comparison between HINTPlus and HINTPlus with selective classification 
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consequently, the avoidance of a single false positive in a Phase III trial could produce savings 

for $100 million, resulting in a more efficient resource allocation.  

Furthermore, trials adopting uncertainty quantification techniques may experience a shortened 

timeline, as the duration of Phase II and Phase III is estimated to be reduced by 10%-15% 

(Thorlund et al. 2018). Furthermore, this approach may foster trust among stakeholders, as 

decisions are backed by rigorous, interpretable, and confidence-weighted predictions. 

In spite of the several benefits, the implementation of selective classification into a trial 

workflow implies barriers and limitations. Firstly, monetary costs associated to integration of a 

machine learning model may range from $500,000 to $2 million per each trial, and include 

infrastructure, algorithm implementation, system maintenance and trained personnel with the 

required expertise (Muehlematter et al. 2021).  

Secondly, as previously argued, selective classification operates a trade-off between accuracy 

and coverage, therefore the consequences of data points exclusion need to be carefully 

evaluated; for instance, in Phase I trials, if a low fraction of data points kept is assumed, critical 

insights may be overlooked, leading to biased results.  

10.6 Conclusion 

Uncertainty quantification is a critical factor affecting predictive frameworks, and it is of major 

relevance in high-sensitive contexts, such as the one of clinical research. The existing 

methodologies, reviewed above, offer diverse approaches to assess uncertainty and provide 

viable solutions to increase model outcome’s reliability. This may lead not only to improved 

performances, but also to a more efficient resource allocation and shortened timelines, 

enhancing the patient journey and relieving the burden on the actors involved in the drug 

development process.  

This study specifically explored the integration of the selective classification method on the 

HINTPlus model, arguing the results gathered and the potential costs and benefits of 
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implementing such technique into the trial streamline. 

Selective classification has been applied to Phase I, II and III and has proved to boost precision 

and accuracy across all phases, as it can be denoted from the precision-related metrics (PR-

AUC and F1 score), despite significantly reducing coverage (as indicated by the fraction of 

points kept). Indeed, by setting a confidence threshold this methodology ensures the return of 

only reliable results, since the model withholds predictions with lower confidence scores. 

Therefore, the risk of both false positives and false negatives is minimized, suggesting the 

adoption of this approach in settings in which precision is non-negotiable, such as later phases 

clinical trials.  

Conversely, selective classification requires the trade-off between accuracy and coverage, 

thereby achieving higher reliability implies the exclusion of potentially relevant data.  

Thus, the implementation of this practice depends on the objective of the specific clinical trial 

phase; earlier-stage studies, such as Phase I trials, may indeed require broader coverage in order 

to guarantee data inclusivity for the development process. Contrarily, in later stage studies the 

error rate must be minimized to avoid impactful consequences such delay in the approval 

process, even at the expense of less coverage. 

Ultimately, the integration of uncertainty quantification techniques into clinical trials implies 

the assessment of potential costs and benefits. Despite the initial investment may seem 

substantial, the long-term advantages (enhanced accuracy, optimized resource allocation, 

improved operational efficiency and reduced timelines) outweigh the costs, particularly in later-

phase trials. Numerous analyses underlined the economic benefit of this approach, estimating 

potential savings in the hundreds of millions, offering significant competitive advantages in the 

field of clinical research.
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Appendix 

 

Graphic 1 - The graph shows an increasing trend in clinical studies over the years, with relative completion date according 

to ClinicalTrials.gov.  

 

Graphic 2 - These graphs show the right-skewed distribution of the clinical trial duration in terms of year. 
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Graphic 7 - Phase I – Performance Metrics Comparison 

 

Graphic 8 - Phase II – Performance Metrics Comparison 

 

 

Graphic 9 - Phase III – Performance Metrics Comparison 

 

 


