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LLMATOP: An End-to-End framework based on
Large Language Model for trial outcome
prediction

Long Qian, Xin Lu, Parvez Haris, Li Shuo, Jianyong Zhu, Yingjie Yang

Abstract—Clinical trial outcome prediction involves
estimating the probability of a trial successfully achieving
its predefined endpoints. Current approaches primarily
employ machine learning techniques that integrate diverse
data modalities, including trial protocol descriptions,
molecular structures of investigational drugs, and
characteristics of target diseases. However, this field faces

several critical challenges that hinder practical
implementation. The preprocessing of heterogeneous
clinical trial data requires extensive and complex

transformation pipelines. Different data modalities demand
specialized modeling architectures, complicating the
development of unified prediction systems. Furthermore,
the absence of privacy-preserving large language models
capable of local deployment presents a significant barrier to
clinical adoption, particularly given the sensitive nature of
medical data. Addressing these challenges is essential for
advancing reliable and clinically applicable prediction
models.

In the present study, we propose lim4top(large language
model for trial outcome prediction) which is a framework
designed specifically to streamline and standardize the
process of Clinical trial outcome prediction using large
language model based on Qwen3 [1]. By redefining the task
of predicting clinical trial outcomes as a binary
classification issue, the complete capabilities of large
language models with 8B parameters are efficiently utilized.
Findings reveal that the method attains a substantially
higher degree of accuracy and precision in predicting
clinical trial outcomes. The research underscores the
automating and simplifies the complex process work and
potential of large language models to significantly enhance
the predictive accuracy of clinical trial outcomes, thereby
facilitating more effective research efforts, drug
development processes, and patient care strategies.

Index Terms— Large Language model (LLM); Clinical
trials; Trial outcome prediction; Drug development

|. INTRODUCTION

Clinical trials play a vital role in the advancement of new
treatments. Drugs need to meet safety and efficacy standards
in at least three trial phases before they can be authorized for
manufacturing. Carrying out these trials is a time-consuming
and expensive undertaking. On average, it takes
approximately 10 to 15 years and costs $2.87 billion for a
drug to go through all trial phases, and many drugs fail in
clinical trials [2]. The digitization of clinical trial records and
their outcomes in the past decade has provided an
opportunity for more data-driven understandings, which have
the potential to enhance the success rate of trials.

Predicting the outcomes of clinical trials is a critical task
aimed at estimating the probability of a trial successfully
reaching its predetermined endpoints. The utilization of
Large Language Models (LLMs), like ChatGPT, has gained
extensive recognition in diverse domains such as
conversational agents, creative writing, and programming.
However, the potential use of LLMs in the medical domain,
particularly in forecasting clinical trial outcomes, is a
relatively unexplored area. This gap in research presents an
opportunity for further investigation into how LLMs can be
harnessed to enhance decision-making processes in clinical
research.

In the early stages, efforts often focused on predicting
individual elements in clinical trials to improve the outcomes
of each trial [3][4]. Recently, researchers have started to put
forward general methods for trial outcome predictions. For
example, Lo et al. [5] predicted drug approvals for 15
disease groups based on drug and clinical trial characteristics
by using classical machine learning approaches. Fu et al. [6]
recently proposed making use of data from multiple sources
(such as molecule information, trial documents, disease
knowledge graph, etc.) with an interaction network to
capture their correlations and assist in trial outcome
predictions.

LLMs undergo an initial pre-training phase using vast
amounts of generic data, such as BERT's [7] pre-training on
Wikipedia and Google's BooksCorpus. This extensive
training makes the models highly robust but also renders
them universal and not tailored to any particular domain. To
align the models with specific use cases and enhance results,
additional training or "fine-tuning" is essential. Prominent
pre-trained LLMs can be fine-tuned for specific tasks, like
text classification.

A major challenge in clinical research is that trial
documents are frequently over 1,000 words. Merely
encoding long trials by truncating and averaging the
embeddings of all remaining tokens will surely result in poor
learning quality. Trial2Vec [8] endeavors to address the
long-document issue by encoding various sections of the
document independently.

Fine-tuning a Large Language Model (LLM) involves
using domain-specific text examples as supplementary
training data. In the medical domain, using a fine-tuned LLM
can significantly improve NLP task performance by adapting
the model to the distinct characteristics and subtleties of
medical textual data before classification. While non-fine-
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tuned LLMs may deliver acceptable performance, exploring

the use of fine-tuned LLMs, such as lim4top, offers a

promising opportunity to further enhance performance in this

specific NLP application.

The primary contribution of this study is the innovative
application of a state-of-the-art large language model to the
domain of clinical trial outcome prediction.

1.  This approach shows that treating all input data as text
in large language models achieves state-of-the-art
performance while bypassing the need for modality-
specific architectures (e.g., GNNs for molecular graphs
or NLP pipelines for clinical notes), ensuring
extensibility without complex preprocessing or
dedicated feature extraction.

2. This approach, as far as current knowledge extends,
represents the first instance of finetuning a limited
sized large language model for the purpose of
predicting clinical trial outcomes to be able to keep data
privacy without uploading the data through internet.

3. We put forward a novel methodology that utilizes
prompt engineering to summarize the long trials
without additional training by a large language model.

4. The llm4top framework only needs users to upload an
xml file to get the results significantly reduced the
learning curve for users and boosted the efficiency of
data processing, model selection and result evaluation
(see Fig 1.).

' Diseases/Conditions

Drugs/Interventions

Eligibility Criteria

Inchusion Criteria

Exchrslon Criteria:

Fig. 1. The figure shows a web-based system for analyzing clinical
trial data from ClinicalTrials.gov XML files. Users can upload XML files
to extract diseases, drug interventions, and eligibility criteria, which are
then processed to predict trial success or failure outcomes through an
intuitive graphical interface.

Il. RELATED WORK

Previous studies have applied large language models to
clinical trial prediction tasks with promising results. For

instance, Reinisch et al. adopted LLMs for predicting clinical
trial phase transitions [9]. Lai et al. assessed the risk of bias in
randomized clinical trials by using LLMs [10]. Jin et al.
utilized LLMs to match patients to appropriate clinical trials
[11], and Markey et al. leveraged LLMs to assist in the
composition of clinical trial documents [12]. Jin et al.
conducted an evaluation of LLMs including GPT-40 [13],
GPT-3.5 [14] , GPT-4 Mini [15], and Llama3 [16] for clinical
trial outcome prediction, revealing that these models
demonstrated particularly limited efficacy in identifying
negative clinical trial outcomes [17]. It shows that it is
necessary to retrain the LLMs in medical specific tasks
especially clinical trial outcome tasks.

I1l. METHOD

The standard prompt-based in-context learning paradigm is
like this: when an input sequence Xipu = {X1, X2, ..., X} IS
given, the task of assigning a text-class label to an input text is

changed into generating a pre-defined textual response y e

{success, failure} based on the prompt through a language
model. The trial outcome prediction task was transformed into
a binary classification problem by classifying positive
outcomes (for instance, treatment success, disease remission)
as one class and negative outcomes (for example, treatment
failure, disease progression) as the other.

Since the trial documents are lengthy, typically exceeding
1000 words, we construct a prompt to extract the key
information:

“Please summarize the following clinical trial
inclusion/exclusion criteria to within 1000 characters,
retaining key information:

Original text:
{clean_text}

Requirements:

1. Retain all important medical conditions and restrictions
2. Maintain the original meaning

3. Remove redundant expressions

4. Keep within 1000 characters

5. Use concise and clear expressions

Summarized criteria:”

For the zero-shot learning task, the prompt is built based on
the following paradigm:

“You are an experienced clinical trial expert. Based on the
following clinical trial information, predict the outcome of this
trial. Please carefully analyse the disease characteristics, drug
mechanisms, and trial protocol. Consider the efficacy, safety,
and compatibility of the drug with the target disease. Based on
your professional judgment, will this clinical trial be
successful? Clinical trial information: diseases: {diseases},
drugs: {drugs}, trial protocol: {criteria}. Please only respond
with a number 1 (success) or O (failure). Do not provide any
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explanation.” The reason we add the last sentence is to avoid
the large language model output redundant information.

For the Supervised Fine-Tuning task, the prompt is built based
on the following paradigm:

Please predict the outcome of the clinical trial according to
the given disease, drugs and trial protocol, output 1 (success)
or O (failure), thefollowing isthe disease, drugsand trial
protocol --> diseases. {diseases}, drugs: {drugs}, trial
protocol: {criteria}.

The diseases, drugs and trial protocols are extracted from the
TOP clinical trial outcome prediction benchmark from Fu et al

[6].

Specific prompt serves two purposes:

(1) providing LLM with evidence to consult on for decision
making, which will significantly boost performance.

(2) provides an output format that the outputs of LLM need to
follow, so that the output, which is in the form of natural
language, can be more easily transformed into labels.

The final dataset for LLM consists of a sequence of annotated
examples:

{(Xriat Yiave)r--- ’(xgcrial! )’tlfzbet)}

where x/

] . 1 ] < kdenotes the ji, input sequence
and ., denotes the label, success or failure for the trial

outcome prediction task.

The Qwen3-8B Error! Reference source not found. is
chosen as the base model and the model is finetuned with the
Low-Rank Adaptation (lora) method [22], where lora enables
parameter-efficient adaptation through low-rank matrix
decomposition while preserving the base model's capabilities.
The trained model was to predict the outcomes of future
clinical trials which can be formulated as:

y= LLMlora (xprompt)

The flow is shown in Fig. 2.

schizophrenia

Prompt Engineering

Failure

Success
Fig. 2. The workflow begins with input data comprising the medical
condition (schizophrenia), therapeutic intervention (dronabinol), and
inclusion/exclusion criteria. These inputs undergo prompt engineering

to structure the data for model processing. A base Large Language
Model (LLM) is then fine-tuned using Low-Rank Adaptation (LoRA)
methodology, The fine-tuned model processes the structured prompt to
generate binary classification outcomes: “Success” or “Failure”

IV. EXPERIMENT

Hyperparameter Settings. The models are trained for a total of
3 epochs using a mini-batch size of 1 on one NVIDIA 3090
GPU and trained in bf16 precision, which will take up to 2
hours. We employ the AdamW optimizer with a learning rate
of 1 x 107, B values of (0.9, 0.99), and a weight decay of 1 x
1072 with a CosineAnnealing learning rate scheduler. The lora
rank is 8 and the scale factor is 16.

Dataset. The TOP clinical trial outcome prediction benchmark
proposed by Fu et al. [6] was employed. This dataset contains
information regarding drugs, diseases, and eligibility criteria
for a total of 17,538 clinical trials. These trials are classified
into three phases: Phase | (1,787 trials), Phase Il (6,102 trials),
and Phase 111 (4,576 trials). The success rates in dataset differ
among phases, with 56.3% of Phase | trials, 49.8% of Phase Il
trials, and 67.8% of Phase Il trials being successful.
Experiments were carried out on different phases of trials
separately.

Metrics. The following performance metrics were considered:

* AUROC: The area beneath the Receiver Operating

Characteristic curve, which summarizes the balance between
the true positive rate (TPR) and the false positive rate (FPR)
across diverse thresholds of FPR. In theory, it is tantamount to
computing the ranking quality through the model predictions
for identifying the true positive samples. Nevertheless, a
higher AUROC does not inevitably imply better-calibrated
probability predictions.

*« PRAUC: The area beneath the Precision-Recall curve, which

summarizes the balance between precision and recall across
diverse thresholds of recall. It is equivalent to the average of
precision values computed for each recall threshold and is
more sensitive to the quality of detecting true positives from
the data, such as determining which trial is likely to be
successful.

*» F1-score: The harmonic mean of precision and recall, taking

into account whether the predicted probabilities are well-
calibrated, similar to PRAUC.

Baseline. llm4top was compared against various machine
learning and deep learning models, primarily following the
setups in [6]:

e Logistic Regression (LR) [18]: This model employs
the standard hyperparameters as provided by the
scikit-learn library to classify outcomes using logistic
regression.

e Random Forests (RF) [18]: We utilize the random
forests algorithm, as implemented in scikit-learn, for
classification tasks.

e  XGBoost [18]: This approach involves the
application of a gradient-boosting framework to
decision tree algorithms.
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e AdaBoost [18]: The AdaBoost method, available
through scikit-learn, leverages adaptive boosting to
enhance the performance of decision trees.

e kNN+RF [18]: To address missing data, this method
first employs k-nearest neighbors for imputation
before applying random forests for predictive
modeling.

e Feedforward Neural Network (FFNN) [19]: Our
FFNN architecture mirrors the feature set of
reference [6] and consists of three dense layers with
dimensions corresponding to the input feature size,
500, and 100 neurons, respectively, utilizing ReLU
activation functions.

For clinical trial outcome prediction, we have adapted and
included the following specialized models:

e  DeepEnroll [20]: This model is tailored for encoding
clinical trial eligibility criteria, featuring a
hierarchical embedding network for disease ontology
representation and an alignment model that captures
the interplay between eligibility criteria and disease
attributes. The eligibility criteria embeddings are
merged with molecular embeddings derived from
MPNN to refine trial outcome predictions.

e COMPOSE [21]: Initially designed for patient-trial
matching, this model combines convolutional neural
networks with memory networks to encode eligibility
criteria and diseases. The resulting embeddings are
integrated with molecular embeddings from MPNN
to enhance trial outcome prediction capabilities.

e HINT [6]: As the current state-of-the-art in trial
outcome prediction, HINT integrates a multifaceted
approach. It includes a drug molecule encoder based
on MPNN, a disease ontology encoder using GRAM,
an eligibility criteria encoder leveraging BERT, a
pharmacokinetic encoder for drug molecules, and a
graph neural network to facilitate interaction between
features. The composite embeddings are then
processed by a prediction model to forecast trial
outcomes.

e lIm4top-zeroshot: This is the vanilla Qwen3
prediction framework utilizing prompt engineering
strategies to guide the model's clinical trial outcome
predictions, where the base model's inherent
knowledge is directly leveraged without task-specific
fine-tuning. This approach contrasts with our
proposed LoRA-enhanced version that adapts the

model through parameter-efficient domain adaptation.

In general, clinical trials are usually carried out in three phases:

phase | examines the toxicity and side effects of the drug,
phase Il assesses the drug's efficacy (that is, whether it works),
and phase 111 focuses on determining the effectiveness of the
drug in comparison with current standard practices. The
experimental results underscore the efficacy of employing the
lim4top for predicting clinical trial outcomes, demonstrating
superior accuracy and precision when compared to
conventional machine learning methodologies in from Tables
1,2, 3.

Phase | Trials
# train: 1,044; # valid: 116; # test: 627; # patients per trial:
45
Method PR-AUC F1 ROC-AUC
LR [18] 0.500 + 0.604 + 0.520 +
0.005 0.005 0.006
RF [18] 0518+ 0.621 + 0.525+
0.005 0.005 0.006
XGBoost 0.513+0.06 | 0.621 0.518 +
[18] 0.007 0.006
AdaBoost 0519+ 0.622 + 0.526 +
[18] 0.005 0.007 0.006
kKNN+RF 0531+ 0.625 + 0.538 +
[18] 0.006 0.007 0.005
FFENN [19] 0.547 + 0.634 + 0.550 +
0.010 0.015 0.010
DeepEnroll | 0.568 £ 0.648 £ 0.575 %
[20] 0.007 0.011 0.013
COMPOSE | 0.564 0.658 0571+
[21] 0.007 0.009 0.011
HINT [6] 0.567 + 0.665 0.576 +
0.010 0.010 0.008
lim4top- 0.553+ 0711+ 0.502 +
zeroshot 0.020 0.017 0.021
lim4top-lora | 0.616 + 0.711+ 0.616 £
0.024 0.016 0.020

Table 1: Trial outcome prediction results compared between
lim4top and baselines for phase I trials.

Phase Il Trials
# train: 4,004; # valid: 445; # test: 1,653; # patients per trial:
183
Method PR-AUC F1 ROC-AUC
LR [18] 0.565 + 0.555 + 0.587 +
0.005 0.006 0.009
RF [18] 0.578 + 0.563 + 0.588 +
0.008 0.009 0.009
XGBoost 0.586 + 0.570 + 0.600 +
[18] 0.006 0.009 0.007
AdaBoost 0.586 + 0.583 + 0.603 +
[18] 0.009 0.008 0.007
kKNN+RF 0.594 + 0.590 + 0.597 +
[18] 0.008 0.006 0.008
FFNN [19] 0.604 + 0.599 + 0.611 +
0.010 0.012 0.011
Deep Enroll | 0.600 £ 0.598 £ 0.625 £
[20] 0.010 0.007 0.008
COMPOSE | 0.604 0.597 + 0.628 +
[21] 0.007 0.006 0.009
HINT [6] 0.629 + 0.620 + 0.645 +
0.009 0.008 0.006
lim4top- 0.554 + 0.713+ 0.500 +
zeroshot 0.020 0.013 0.001
lim4top-lora | 0.652 + 0.700 £ 0.655
0.015 0.011 0.001
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Table 2: Trial outcome prediction results compared between
lim4top and baselines for phase Il trials.

Phase Il Trials
# train: 3,092; # valid: 344; # test: 1,140; # patients per trial:
1,418
Method PR-AUC F1 ROC-AUC
LR [18] 0.687 + 0.698 + 0.650 +
0.005 0.005 0.007
RF [18] 0.692 + 0.686 + 0.663 +
0.004 0.010 0.007
XGBoost 0.697 + 0.696 + 0.667 +
[18] 0.007 0.005 0.005
AdaBoost 0.701 = 0.695 + 0.670 +
[18] 0.005 0.005 0.004
kKNN+RF 0.707 + 0.698 + 0.678 +
[18] 0.007 0.008 0.010
FFNN [19] 0.747 + 0.748 + 0.681 +
0.011 0.009 0.008
DeepEnroll 0.777 £ 0.786 £ 0.699 £
[20] 0.008 0.007 0.008
COMPOSE | 0.782 % 0.792 + 0.700 +
[21] 0.008 0.007 0.007
HINT [6] 0811+ 0.847 + 0.723+
0.007 0.009 0.006
lim4top- 0.7467 + 0.855 + 0.502 +
zeroshot 0.012 0.001 0.002
lim4top-lora | 0.8321 + 0.856 0.693 £
0.010 0.007 0.015

Table 3: Trial outcome prediction results compared between
lim4top and baselines for phase 11 trials.

V. DIscussION

The experimental findings validate that utilizing llm4top for
clinical trial outcome prediction enhances accuracy and
precision, outperforming traditional machine learning
techniques. These results empirically demonstrate that
processing modals like drugs, diseases, and trial eligibility
criteria as text inputs into lim4top yields superior outcomes
compared to designing and integrating separate models for
each modality. This streamlined approach not only simplifies
the modeling process but also boosts overall predictive
performance. The study reveals that lim4top effectively
discerns intricate patterns and correlations within clinical trial
data when supervised finetuned training is applied, although it
performs less effectively with zero-shot prompts, which is
understandable given the absence of clinical data in the base
model training. However, it's acknowledged that the
methodology may not be universally applicable to all
categories of clinical trials or datasets. Future research should
explore the adaptability of this technique across a diverse
range of datasets and scenarios, thereby reinforcing its validity
and expanding its applicability.

VI. CONCLUSION

In this paper, the potential of Iim4top in predicting clinical
trial outcomes is demonstrated. By reformulating the
prediction task as a binary classification problem, the
capabilities of large language models are effectively utilized to
enhance the predictive accuracy of clinical trial outcomes. As
the first framework with GUI developed to cover the entire
trial outcome prediction pipeline, it dramatically reduce the
process of deploying the Al model. The findings presented
herein offer a promising new approach for improving clinical
trial outcomes prediction, with significant implications for
research, drug development, and patient care. However, the
methodology still has limitations. Foremost among these is its
reliance on the accessibility and thoroughness of historical
clinical trial data for training, which may not always be
available or comprehensive. Moreover, the assumption that
trial outcomes can be accurately captured within a binary
classification framework may not be universally applicable.
Future research should address these constraints, perhaps by
developing more nuanced predictive models capable of
handling multi-class or continuous outcomes. Furthermore, the
incorporation of these models into operational clinical
software systems encounters legal and regulatory obstacles,
since these models need to be approved as medical devices.
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