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The study presents a hybrid framework that integrates survival modeling, explain-
able AI, and large language models (LLMs) to generate interpretable narrative expla-
nations for individual patients with multiple myeloma. A Random Survival Forest
(RSF) is trained to predict median survival time using clinical features, with survival
functions estimated accordingly. SHAP (SHapley Additive exPlanations) values are
computed using SurvSHAP(t) at the predicted median survival time to quantify
feature contributions. These SHAP values are then used to construct structured
prompts that guide locally deployed LLMs in generating patient-specific explana-
tions. To ensure privacy and offline capability, all LLMs are deployed locally using
tools such as Ollama and vLLM. Experimental results show that the RSF provides
superior predictive performance, and qualitative analysis of the LLM-generated out-
puts reveals variation across models in terms of factual alignment, reasoning quality,
and linguistic fluency. Among all tested models, DeepSeek-R1 with 70B parame-
ters produced the most coherent and clinically plausible explanations. This work
demonstrates the potential of combining explainable survival models and LLMs for
trustworthy, personalized Al interpretation in clinical settings.
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1 Introduction

In recent years, machine learning (ML) models have been increasingly adopted in
clinical settings to support diagnosis, prognosis, and treatment planning on tabular
patient data (i.e. health records, clinical analysis, biomarkers). While traditional
models like logistic regression and linear regression are still widely used due to their
transparency, more complex models such as random forests and neural networks
often outperform them in predictive accuracy. Specifically, survival models like
random survival forest and cox model are used for survival data[l]. However, these
advanced models are commonly perceived as "black boxes" because they offer limited
interpretability—a critical shortcoming in high-stakes fields like healthcare.

To bridge this gap, explainable AT (XAI) techniques have been developed to shed
light on model decision-making processes. Among them, SHAP (SHapley Additive
exPlanations) has gained prominence for its strong theoretical foundation and ability
to assign meaningful feature importance values for each individual prediction|2].
Nevertheless, SHAP’s output—typically in the form of numeric tables or visual
plots—can still be difficult for non-technical users such as patients, clinicians and
healthcare stakeholders to fully comprehend and act upon.

Recent advancements in large language models (LLMs), such as GPT and DeepSeek,
offer a new opportunity to enhance explainability. These models can generate fluent,
natural language narratives that may be more accessible and intuitive than tradi-

tional plots or feature rankings. Narrative-based explanations are particularly effec-
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tive in conveying scientific concepts to non-expert audiences, as storytelling has been
shown to improve understanding, retention, and engagement in complex domains
such as healthcare and science communication|3]. One research shows that integrat-
ing SHAP with LLMs enables the creation of patient-specific textual explanations
that describe the reasoning behind each model prediction in plain language[4].
This project explores the combination of SHAP-based feature attribution with
LLM-driven natural language generation to produce interpretable, instance-level
narratives for clinical predictions. We specifically focus on patient outcome pre-
diction in multiple myeloma, a complex hematologic malignancy. The proposed
framework aims to improve transparency and trust in machine learning models by
delivering explanations that are both technically accurate and human-readable. Ul-
timately, this approach seeks to empower clinicians and biomedical researchers with

AT tools that provide not only reliable predictions but also clear, actionable insights.

1.1 Problem Definition

While machine learning models have demonstrated strong potential in clinical pre-
diction tasks, their lack of interpretability presents a significant barrier for adoption
among clinicians and patients. SHAP value has emerged as a powerful method
for attributing model predictions to input features. However, SHAP value’s out-
puts—typically expressed as numeric tables or complex plots—remain challenging
for non-technical users to interpret. This limits the practical utility of these expla-
nations in high-stakes healthcare contexts where clear, accessible communication is

essential.
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1.2 Research Questions

The project aims to improve the interpretability of machine learning predictions
in clinical settings by integrating SHAP-based explanations with natural language
narratives generated by large language models (LLMs). We address the following
research questions:

1. Can survival models, such as Random Survival Forests, effectively predict
clinical outcomes (e.g., relapse and overall survival) in multiple myeloma patients
using structured clinical data, and can meaningful SHAP-based feature attributions
be extracted to support interpretability at the individual level?

2. Can locally deployed large language models (LLMs) generate accurate, read-
able, and privacy-compliant narrative explanations of survival model predictions
based on SHAP values, in accordance with regulations such as GDPR and the EU
AT Act?

1.3 Thesis content summary

The rest of the thesis is organized as follows. Chapter 2 provides background knowl-
edge and related work on survival analysis, explainable Al techniques, large language
models (LLMs), and data security considerations. Chapter 3 presents a detailed
overview of the multiple myeloma dataset, including feature selection and outcome
variables. Chapter 4 describes the methodology, covering data preprocessing, model
training, evaluation strategies, SHAP-based explanation, and the narrative gen-
eration pipeline. Chapter 5 presents the results and discussion, including model
performance, interpretability, narrative analysis, and comparison of LLM responses.
Chapter 6 concludes the thesis and outlines directions for future work. Finally

chapter 7 illustrates the usage of Al in the thesis.



2 Background and Related Work

This chapter introduces the key concepts underlying this project, including survival
analysis, model interpretation, narrative generation with LLMs and how we pro-
tect data security. These foundations support the goal of generating interpretable,

personalized predictions for clinical outcomes in multiple myeloma patients.

2.1 Survival Analysis

Survival analysis refers to a set of statistical methods designed to analyze the time
until the occurrence of a specific event, such as death, relapse, or disease progression.
In cancer research and other clinical contexts, this event may represent various
outcomes, including time from diagnosis to death or time from remission to relapse
[1], [5]-

A distinguishing feature of survival analysis is its ability to account for incomplete
observations, where the event of interest has not occurred for all individuals by the

end of the study period.

2.1.1 Time-to-event Data

In clinical studies, the data structure often involves tracking the time from a defined
starting point (e.g., diagnosis or treatment initiation) to an event of interest. This

is known as time-to-event data|6].
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If the event occurs during the study, the exact time is observed and recorded.
However, for individuals who do not experience the event within the study period
or are lost to follow-up, the data are considered censored. The most common form
is right-censoring, where the true event time is only known to exceed the observed

duration.

2.1.2 Censoring Data

Censoring arises when the exact time of the event is unknown for some participants.
This can occur for several reasons: the patient has not experienced the event by
the end of follow-up, is lost to follow-up, or encounters another event that precludes
further observation|1|. In such cases, only a partial survival time is observed, and
the true time remains unknown. Standard statistical methods that ignore censoring
can lead to biased results and inefficient estimates|5].

Recent research|7] demonstrates that increasing censoring rates adversely affect
model performance, particularly for non-linear models such as the mixture density
networks and random survival forests. The study shows that model performance
deteriorates more significantly with higher censoring rates than with shorter obser-
vation windows, suggesting that censoring is a more critical factor in model robust-
ness. These findings underscore the importance of evaluating models under varying

censoring conditions to ensure their reliability in real-world clinical settings.

2.1.3 Survival Function

The survival function, often denoted as S(t) , represents the probability that a

subject survives beyond a specified time ¢. Formally, it is defined as:

S(t) = P(T > t)
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where T is the time to event (e.g., death or relapse). This function provides
a comprehensive summary of time-to-event data by indicating the proportion of
individuals expected to remain event-free at each time point. In the context of
clinical studies such as those involving multiple myeloma, S(t) gives insight into
patient prognosis over time, helping to compare treatment groups or stratify patient
risk levels.

Since not all individuals will experience the event during the study period, the
survival function appropriately accommodates censored data, ensuring an unbiased
estimate of survival probabilities[1]. As such, it plays a central role in both descrip-

tive and inferential survival analysis.

2.1.4 Survival Models

Traditional machine learning models, such as random forests, support vector ma-
chines (SVM), and linear regression, are commonly used in various predictive tasks.
However, these models are not directly applicable to survival analysis because the
outcome variable in this context is time-to-event data, which often includes cen-
sored observations. Standard supervised learning frameworks do not natively han-
dle censoring, making it necessary to adopt specialized survival models that can

appropriately model both event times and censoring mechanisms.

Traditional Methods

Traditional methods such as the Cox Proportional Hazards (CoxPH) model have
been widely applied in clinical research. However, as biomedical datasets increas-
ingly become high-dimensional—often with more features than samples—the as-
sumptions and limitations of classical models become apparent. Although the
CoxPH model can be interpreted using SHAP values to visualize the influence of

individual features on the predicted risk [8], its underlying proportional hazards
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assumption may not hold in complex or heterogeneous clinical settings.

As the number of features grows, the likelihood of high multicollinearity among
covariates also increases. Severe collinearity can lead to unstable estimates of the
regression coefficients (), inflated standard errors, and unreliable p-values, ulti-
mately reducing the interpretability of the model. Moreover, with a large number
of covariates, the Cox model becomes more prone to overfitting, especially when the
sample size is relatively small.

Additionally, the Cox model assumes a linear relationship between the covari-
ates and the log hazard, and that the hazard ratios remain constant over time.
In high-dimensional data, verifying these assumptions for all features becomes in-
creasingly difficult. Fundamentally, the CoxPH model is a linear model and thus
struggles to capture complex nonlinear relationships or higher-order interactions be-
tween features—unless such terms are explicitly engineered, which further increases
the dimensionality and complexity.

To address these limitations, various extensions have been proposed, including
regularized Cox models, partial least squares regression, and nonparametric ap-
proaches such as random survival forests (RSF) [9]. Regularized Cox models, for
instance, incorporate feature selection and shrinkage techniques to improve gener-
alization. However, in biomedical datasets, the dimensionality often remains high
due to the biological complexity of the domain, making it challenging to reduce the

number of relevant features without losing critical information.

Random Survival Forest

In recent years, nonparametric and flexible machine learning approaches have gained
increasing attention, with the Random Survival Forest (RSF) model standing out
as a particularly effective method. RSF [10] is an extension of Breiman’s Random

Forests tailored specifically for right-censored survival data. Like standard random
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forests, RSF is an ensemble learning method that aggregates predictions from mul-
tiple decision trees to enhance generalizability and robustness. However, instead
of predicting discrete class labels or continuous values, RSF is designed to estimate
time-to-event outcomes, commonly expressed as cumulative hazard functions (CHF)
or survival functions S(t).

Unlike regression-based survival models, RSF makes no distributional assump-
tions and can effectively capture nonlinear relationships and higher-order feature
interactions. This flexibility makes RSF particularly suitable for exploratory sur-
vival analysis where prior knowledge about feature relevance may be limited. Ad-
ditionally, RSF is known for its robustness to multicollinearity and overfitting, and
performs well in high-dimensional settings. It also supports both categorical and
continuous covariates and handles missing values natively [9].

Empirical studies have demonstrated the effectiveness of RSF over traditional
survival models. For example, Senevirathne et al. [11] applied RSF to predict har-
vest timing in mixed-species forests, reporting significantly improved accuracy over
CoxPH based on AUC and Brier Score metrics. Similarly, Germer et al. [§] com-
pared four survival models—CoxPH, RSF, DeepSurv, and TabNet—on lung cancer
prognosis. Using TNM staging features and MissForest imputation, RSF achieved
the highest Concordance Index (0.703 £ 0.004) and the best Integrated Brier Score
(0.145 4+ 0.004), outperforming both traditional and deep learning methods. Im-
portantly, RSF also retained interpretability via SHAP (SHapley Additive exPlana-
tions), which revealed clinically meaningful risk factors.

The RSF algorithm operates as follows: First, B bootstrap samples are drawn
from the original dataset. For each sample, a survival tree is grown by recursively
splitting nodes based on a subset of features, selected at random, using a splitting
rule that maximizes survival differences (e.g., the log-rank statistic). Trees are grown

fully, with the constraint that each terminal node must contain at least dy > 0 unique
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event instances, ensuring reliable survival estimation.
For each terminal node, the cumulative hazard function is estimated using the
Nelson—Aalen estimator:
. d,
H(t) = ; o
where d; is the number of events at time ¢;, and n; is the number of individuals at

risk just prior to ¢;. The ensemble CHEF is then calculated by averaging the CHFs

from all trees, and the survival function is obtained as:

S(t) = exp (—H(t))

Taken together, RSF offers a powerful and interpretable alternative to traditional
survival analysis models. Its ability to deliver accurate predictions while retaining
clinical transparency makes it highly suitable for biomedical applications. In this
study, RSF was used to model survival outcomes in patients with multiple myeloma,
benefiting from its ability to handle high-dimensional, right-censored clinical data

and to provide interpretable survival estimates and feature importance rankings.

2.2 Explainable AI and SHAP

As machine learning models increase in complexity, their interpretability often di-
minishes. This presents a critical challenge in high-stakes domains such as health-
care, where understanding model predictions is essential for safety, accountability,
and trust. Traditional models like linear regression and decision trees are inherently
interpretable but may lack the predictive power of more complex models such as
ensemble methods and deep neural networks [12]. This trade-off between accuracy

and interpretability has sparked growing interest in developing methods that balance

both.
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Model transparency is not only a technical concern but also a regulatory and
ethical one. For example, the European Union’s General Data Protection Regulation
(GDPR) establishes a “right to explanation” for automated decisions [13|. Similarly,
initiatives such as DARPA’s Explainable AI (XAI) program and national efforts in
countries like China underscore a global push toward algorithmic accountability and
transparency [14].

Explainable Artificial Intelligence (XAI) aims to address these demands by de-
veloping methods that make machine learning decisions more transparent, inter-
pretable, and trustworthy. XAI enables users—both experts and non-experts—to
understand the reasoning behind model outputs, facilitating ethical deployment and
informed decision-making [15].

Several X AT techniques have been proposed, including LIME (Local Interpretable
Model-agnostic Explanations), SHAP (SHapley Additive exPlanations), and Deep
Taylor Decomposition (DTD) [15]. Among them, SHAP stands out for its solid
theoretical grounding in game theory and its consistency across various model types.
In this study, we adopt SHAP as the primary explanation method due to its ability
to provide both global and local interpretability in a mathematically principled and

model-agnostic way.

2.2.1 SHAP Value

SHAP (SHapley Additive exPlanations) is a model-agnostic framework for interpret-
ing predictions. It assigns each feature an importance score based on the Shapley
value, a concept from cooperative game theory. SHAP is the unique additive expla-
nation method that satisfies local accuracy, missingness, and consistency|12].
SHAP belongs to a class of models that explain predictions as a sum of individual

feature contributions. Formally, the model output is represented as:
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M
f) =+ Yo 2.)
where:

e f(x) is the model output for input z,

¢o is the expected value of the model output when no features are known (i.e.,

the base value),

¢; is the SHAP value, representing the contribution of feature 1,

M is the total number of input features.

SHAP values are defined as the Shapley values of the conditional expectation

function of the model:

fo(2) = E[f(2) | 2s], (2.2)

where 2’ is a binary vector indicating the presence of each feature, S is the
subset of present (non-zero) features in z’, and zg denotes the observed values of
those present features.

Intuitively, SHAP estimates how much each individual feature contributes to the
prediction by computing the average marginal contribution of that feature across
all possible subsets of features. In other words, it measures how the model output
changes when a given feature is included versus excluded from the input.

Despite its strong theoretical foundation, the exact computation of SHAP val-
ues is computationally expensive due to the exponential number of feature subsets
involved. To make SHAP practical for real-world use, especially in complex models,
several efficient approximation methods have been proposed—most notably, Tree-

SHAP for tree-based models.
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2.2.2 TreeSHAP

While deep learning models excel in domains such as image classification, speech
recognition, and natural language processing, tree-based models often outperform
them on tabular data — a data type commonly encountered in clinical and biomed-
ical settings. In many practical applications involving structured features, ensemble
models such as gradient-boosted trees and random forests remain the most accurate
and interpretable choices|2].

To provide model-agnostic explanations, SHAP offers a unified approach based
on game theory[12]. However, the exact computation of SHAP values is expo-
nential in the number of input features, making it computationally infeasible for
high-dimensional models|2].

TreeExplainer addresses this limitation by enabling fast, exact SHAP value com-
putation for tree-based models. It exploits the internal structure of decision trees
to reduce the computational complexity from exponential to low-order polynomial
time. This breakthrough bridges theory and practice by allowing SHAP values to
be used efficiently in real-world tree ensembles|2]. TreeExplainer enables transpar-
ent, local explanations for predictions made by tree-based models. It decomposes
the model output into additive contributions from each input feature, thereby turn-
ing black-box predictions into interpretable forms. Rather than treating the model
as an opaque system, TreeExplainer quantifies how much each feature pushes the
prediction higher or lower, while preserving key theoretical properties such as local
accuracy and consistency.

Beyond feature-level explanations, TreeExplainer also supports SHAP interac-
tion values, which generalize SHAP values to quantify feature interactions. These
values are derived from the Shapley interaction index, allocating attribution not
just to individual features, but also to pairs of features. The result is a matrix of

attributions: diagonal elements represent main effects, while off-diagonal elements
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capture pairwise interaction effects.

By enabling fine-grained, efficient, and theoretically grounded explanation of
tree ensemble predictions, TreeExplainer serves as a powerful tool for model in-
terpretability — particularly in high-stakes applications such as clinical decision

support|2].

2.2.3 Local Explanation with SHAP

Although Random Survival Forests (RSFs) provide global variable importance mea-
sures such as Variable Importance (VIMP), which are useful for identifying features
associated with the outcome in complex and high-dimensional data [10], [16], they
do not offer instance-level interpretability. As a result, providing local explanations
for individual predictions remains an open challenge.

To address this need, model-agnostic approaches such as LIME (Local Inter-
pretable Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations)
have gained prominence. In this study, we adopt SHAP due to its strong theoretical
foundation, consistency, and practical suitability for interpreting tree-based models
at the instance level[12]. In this project, local interpretability is particularly im-
portant, as we aim to understand which features most strongly influence the risk
prediction for each individual patient. Given the variability in treatment effects
and disease progression across individuals, personalized explanations are essential
for clinical relevance.

SHAP was chosen to interpret the tree-based models employed in this study due
to its ability to provide consistent, locally accurate feature attributions grounded
in cooperative game theory [17]. Unlike earlier tree-specific methods (e.g., Saabas),
which consider only a single ordering of features, SHAP values average over all
possible feature permutations. This property ensures consistency: if a model changes

such that a feature has a larger impact, its SHAP value does not decrease.
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In addition to accuracy and theoretical soundness, SHAP offers powerful visu-
alization tools. Summary plots illustrate global feature importance by showing the
distribution of SHAP values across all instances, while dependence plots reveal how
the SHAP value of a feature changes with its actual value, including interactions

with other variables.
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Figure 2.1: An example of feature importance visualization using SHAP values on
diabetes dataset

2.3 Narrative Generation with LLMs

Large Language Models (LLMs) have recently demonstrated remarkable capabili-
ties across a wide range of natural language processing (NLP) tasks, including but
not limited to machine translation, text summarization, question answering, and
dialogue generation. Built upon transformer architectures and trained on massive
corpora, LLMs possess a sophisticated ability to understand contextual language
patterns and to generate coherent, contextually appropriate responses [18|. Their
emergence has reshaped the landscape of computational linguistics and Al-driven

interaction, leading to a surge in academic and industrial interest.
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One of the promising applications of LLMs lies in their capacity to bridge the
gap between complex machine learning outputs and human interpretability. In
the biomedical domain, where many predictive models rely on high-dimensional,
domain-specific data, LLMs can be leveraged to translate model outputs into nat-
ural language narratives that are more accessible to end users, including clinicians,
researchers, and even patients. This aligns with the broader goal of explainable
artificial intelligence (XAI), which emphasizes not only transparency and trustwor-
thiness, but also communication effectiveness.

In the context of this project, LLMs are used as a downstream component that
interprets the output of a model trained on survival data. After model predictions
and SHAP value analyses are obtained, the relevant clinical features and their contri-
butions are embedded into natural language prompts. These prompts are then used
to generate patient-specific narrative explanations that reflect both the statistical
reasoning of the model and the clinical context of the data. This approach en-
hances the accessibility of predictive modeling, supports informed decision-making,

and contributes to the reliability and adoption of AI systems in healthcare.

2.3.1 LLMs for Explaining AI

Recent studies, such as [4], suggest that narrative-driven explanations generated by
LLMs (e.g., ChatGPT and DeepSeek) can significantly enhance the interpretability
of complex model predictions. For instance, instead of relying solely on abstract
visualizations like SHAP value plots, the transformation of feature attributions into
structured, human-readable stories has shown to be more persuasive and intuitive for
non-expert audiences. These narrative explanations, referred to as “SHAP stories,”
help users grasp not only which features are important, but also how these features
interact in determining the outcome.

Local explanation techniques are essential for elucidating why a specific output
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(e.g., token, label) is produced given a particular input. Unlike global interpretabil-
ity, local methods aim to provide instance-specific reasoning. These techniques
fall into several categories: feature attribution (e.g., SHAP, Integrated Gradients),
attention-based explanation, example-based reasoning (e.g., counterfactuals), and
natural language generation. Among these, natural language explanations gener-
ated by LLMs offer a user-friendly and accessible way to communicate the rationale
behind model decisions, particularly in high-stakes domains such as clinical decision
support. When used in combination with quantitative methods like SHAP, LLMs
can effectively translate complex feature attributions into coherent narratives tai-
lored to individual cases, bridging the gap between model transparency and human

interpretability[19].

2.3.2 Effectiveness of SHAPstories

A research|4] evaluated SHAPstories—narrative-style explanations derived from SHAP
values—for their effectiveness in enhancing interpretability of Al predictions. Across
three user surveys, involving both general audiences and data science experts, SHAP-
stories consistently outperformed traditional SHAP plots in terms of perceived con-
vincingness, user experience, and comprehension accuracy.

In qualitative assessments, 93.2% of general users and 77.8% of data scientists
found SHAPstories to be more convincing than SHAP plots in explaining model
outputs. Furthermore, 81.4% of experts considered SHAPstories a valuable supple-
ment to SHAP visualizations. In terms of usability, general users reported higher
ease of interpretation (92.4%), increased confidence (79.7%), and greater likelihood
of future use (92.2%). Data scientists showed moderate enthusiasm for personal use
but rated SHAPstories highly when intended for non-expert communication (91.7%
agreed they would aid understanding for general users).

A quantitative evaluation in a credit scoring context further demonstrated that
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SHAPstories significantly improved comprehension. For example, participants achieved
83.8% accuracy in summarizing a model’s decision using SHAPstories, compared to
only 33.8% with SHAP plots. This trend held across various tasks, with statistically
significant improvements observed in multiple cases (p < 0.05).

Although SHAPstories required slightly more time to read (on average 10.6%
longer), this additional effort correlated positively with improved decision accuracy.
In contrast, time spent with SHAP plots did not enhance comprehension and even
reduced confidence among users.

Qualitative feedback from experts suggests that SHAPstories are particularly
useful for translating technical model outputs into human-friendly explanations.
They help bridge the gap between visual summaries and narrative understanding,
especially for non-technical stakeholders. While some experts noted that stories may
occasionally overextend or oversimplify, the consensus recognized their value as a
communicative aid rather than a replacement for SHAP plots|4].

This provides strong motivation for adopting SHAPstories, generated by LLMs,

as the primary explanation method in this work.

2.4 Data Security and Privacy

The use of machine learning and large language models (LLMs) in clinical settings
necessitates rigorous attention to data security and privacy. Clinical datasets often
contain sensitive patient health information, and as such, their use is governed by
strict regulatory frameworks. Among the most relevant are the General Data Protec-
tion Regulation (GDPR) in the European Union, the Health Insurance Portability
and Accountability Act (HIPAA) in the United States, and the recently introduced
European Union Artificial Intelligence Act (EU Al Act)[13], [20], [21].

In this project, all patient data is anonymized and handled exclusively in a secure,

local computing environment. No cloud-based services or third-party APIs are used
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at any stage of data processing or model inference. The LLM used for generating
natural language explanations is also locally deployed, thereby eliminating the risk
of data leakage associated with external API calls. Furthermore, at no point during
the workflow is any data uploaded to public LLM platforms, including web-based
or client-hosted interfaces. All interactions with language models are conducted
entirely within a secure, offline environment.

The EU AI Act classifies Al systems used in healthcare as “high-risk,” requiring
such systems to demonstrate transparency, accountability, robustness, and appro-
priate human oversight. By ensuring that all components of the pipeline—data
storage, model training, and LLM-based explanation—are locally contained and au-
ditable, the project aligns with these regulatory expectations. This setup not only
safeguards patient privacy but also reinforces the reliability and ethical soundness

of Al-assisted clinical decision support.



3 Dataset

The clinical dataset used in this project originates from the research group of Dr. J.
Moreaux (IGH/CHU Montpellier) and focuses on patients diagnosed with multiple
myeloma (MM) and related hematological conditions between 2006 and 2022. The
dataset contains detailed clinical, biological, and treatment-related information. Due
to the sensitivity of patient data, the dataset is not publicly available. All experi-
ments and analyses were conducted locally, and only locally deployed large language

models (LLMs) were used to ensure compliance with data protection regulations.

3.1 Dataset Overview

Table 3.1 summarizes the differences between the original and filtered datasets used

in this study.

Original Dataset Filtered Dataset
Number of Samples 239 157
Number of Features 44 29
Outcome Variables | EFS, EFSA, OSA, OS EFSA, OSA
Numerical Features v v
Textual Features v X

Table 3.1: Overview of the original and filtered datasets used in the project.
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Feature Overview [t consists of a wide range of features, which can be grouped

into the following categories:

Feature Category

Description

Patient identifiers and

demographics

Patient ID, age, date of clinical entry.

Diagnostic information

Pathology classification (e.g., MM, MGUS, PCL), disease

staging systems such as Salmon-Durie and ISS/R-ISS.

Genetic and molecular

markers

IgH translocations, Igl types, and availability of RNASeq,
RRBS, WES, WGS data.

Treatment history

Induction therapy received, number and type of stem cell

transplants, treatment response outcomes.

Biomarkers and lab mea-

surements

CD138+ cell percentage, fo-microglobulin, albumin, LDH,
CRP, calcium, immunoglobulin levels (IgG, IgA, IgM),
hemoglobin, creatinine, proteinuria, osteolytic lesions, S-

phase percentage.

Outcome variables

Event status and time-to-event data for relapse (EF-
S/EFSA) and overall survival (OS/OSA), including cen-

soring indicators.

Table 3.2: Overview of feature categories included in the dataset.

3.2 Feature Selection

Feature selection was performed based on domain knowledge and clinical guidance

provided by Dr. J.Moreaux. The inclusion criteria were as follows:

1. The dataset was filtered to retain only patients who underwent HDT-+Auto
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treatment (i.e., high-dose melphalan followed by autograft).

2. Biomarker-related variables were prioritized, as they provide objective mea-
surements for disease burden and patient status.

3. Clinical staging and genetic features such as Stade SD, Stade ISS, IgH, and
IglL were included due to their strong prognostic value in multiple myeloma.

After selecting features for further modeling, we summarized the filtered datasets

for each outcome variable in Table 3.3.

OSA EFSA
Metric (Death without Allograft) | (Relapse without Allograft)
Number of Samples 154 152
Number of Events (1) 59 118
Number of Censored (0) 95 34
Censoring Rate 61.69% 22.37%

Table 3.3: Summary of filtered outcome variables: OSA and EFSA.

3.3 Additional Description

3.3.1 Features

The clinical feature names and their corresponding descriptions are presented below
to facilitate interpretability and support subsequent use in prompting large language
models (LLMs). These definitions also aid in understanding the clinical context of

the data.

e Age: The patient’s age at diagnosis. Age is a key prognostic factor that often

influences treatment decisions and survival outcomes.
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e Stade SD: The Salmon and Durie staging system classifies tumor burden
based on clinical symptoms, serum calcium levels, hemoglobin, presence of
bone lesions, and monoclonal protein production. Stage I indicates low tumor

burden, while Stage III indicates a high burden of disease[22].

e Stade ISS: The International Staging System (ISS) uses serum 2-microglobulin
and albumin levels to stratify patients into three stages: I (best prognosis), 11

(intermediate), and III (poor prognosis)|[23|.

e poucentage CD138 Moelle / %CD138 au myélogramme: Percentage
of CD138-positive cells in bone marrow aspirate. CD138 is a plasma cell surface

marker used to identify malignant cells.

e NPC par mm3: Absolute number of nucleated plasma cells per cubic mil-

limeter of bone marrow.

e MMC par mm3 (Moelle): Malignant myeloma cells per mm? in the bone

marrow, reflecting disease infiltration.

e Pourcentage Phase S PC tumoraux: The percentage of tumor plasma

cells in the S-phase of the cell cycle, indicating proliferative activity.

e Ostéolyse: Presence of osteolytic bone lesions, a common manifestation of

myeloma-related bone disease.

e Tx Sg Prot MonoCl: Serum monoclonal protein level (M-protein), an

important marker for disease burden and response to therapy.

e Taux IgG / IgA / IgM g/L: Levels of immunoglobulin G, A, and M in
serum. Abnormal levels are associated with different subtypes of multiple

myeloma.
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e Calcémie mmol/L: Serum calcium concentration. Hypercalcemia is a com-

mon metabolic complication of advanced myeloma.

e protéinurie g/24h: 24-hour urinary protein excretion. Elevated values may

indicate kidney damage or involvement.

e Hémoglobine g/dL: Hemoglobin level in blood. Anemia is a frequent feature

of multiple myeloma due to bone marrow infiltration.

e Béta-2M mg/L: Beta-2 microglobulin level, a key component of the ISS and

a marker of tumor load and renal function.

e CRP mg/L: C-reactive protein, a non-specific inflammatory marker that may

correlate with disease activity.

e LDH IU/L: Lactate dehydrogenase, a metabolic enzyme that serves as a

surrogate marker for tumor burden or cellular turnover.

e Albumine g/L: Serum albumin concentration, used in ISS and indicative of

nutritional and systemic status.

e Créatinine pmol/L: Serum creatinine, reflecting renal function, which is

often impaired in myeloma patients.

e Nb greffes: Number of stem cell transplants (autografts) received by the

patient.

e BJ: Presence of Bence-Jones protein in the urine, indicative of light-chain

multiple myeloma.

e IgA / IgD / IgG / NS: Immunoglobulin isotype classification of the mon-

oclonal component. NS refers to “not specified.”

e Kappa / Lambda: Type of light chain produced by malignant plasma cells.

These are essential for identifying the clonal nature of the disease.
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3.3.2 Outcome Variables

The dataset includes two main types of outcome variables:

e EFSA and Days-EFSA: These represent the event and the number of days
until the first relapse, respectively. Both variables are already censored for
allogeneic transplant (i.e., patients who received an allograft are treated as

censored).

e OSA and Days-OSA: These indicate the event and the number of days until

death. These variables are also censored for allogeneic transplant.

These outcomes are treated as survival targets in this project. EFSA (Event-Free
Survival censored for allograft) is used to model the time to first relapse, and OSA

(Overall Survival censored for allograft) for time to death.



4 Method

This project follows a structured pipeline to generate interpretable predictions for
survival analysis. First, clinical data is collected and preprocessed to ensure quality
and consistency. A Random Survival Forest (RSF) model is then trained to predict
patient-specific survival functions. Next, SHAP values are computed to quantify
the contribution of each feature to individual predictions. Finally, a locally deployed
Large Language Model (LLM) generates narrative explanations (SHAPstories) based
on the SHAP attributions, enabling user-friendly, interpretable output. An overview
of the full workflow—is illustrated in Figure 4.1.

To ensure reproducibility and address potential compatibility issues, the key
Python packages and their corresponding versions used in this project are summa-
rized in Table 4.1. Due to the high computational demands of locally deployed
large language models (LLMs), initial development and testing were conducted on
a MacBook with an M3 Pro chip. Subsequently, LLM-related experiments were
executed on a high-performance computing cluster. To maintain consistency across
environments and ensure stable execution, the same package versions were installed

on both platforms.
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Table 4.1: Versions of Key Python Packages Used

Package Version
numpy 1.24.3
survshap 0.4.2
shap 0.42.1

scikit-survival 0.22.2

scikit-learn 1.3.0

Data Proprocessing

(Filtering, Feature Encoding, Imputation)

Y

[ Model Training with RSF }

Output: Predicted Survival Functions

l

Feature Attribution with SurvSHAP(t)

l

Narrative Generation using Local LLMs

(SHAP Value — Story)

Figure 4.1: Overview of the workflow from data preprocessing to explainable pre-
diction using SHAP and LLM-generated SHAPstories.
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4.1 Data Preprocessing

We applied a comprehensive data preprocessing pipeline tailored to clinical data
with mixed numeric, categorical, and textual formats. The preprocessing included

the following key steps:

1. Patient Filtering: We retained only patients who had undergone autologous

stem cell transplantation (HDT+AUTO = QOui) to ensure cohort consistency.

2. Data Cleaning and Transformation: Numerical fields with irregular string
values (e.g., “‘et’’ denoting ranges or ‘‘<’’ indicating lower bounds) were cleaned
and parsed into float format. Specific columns like Taux IgA g/L, Taux IgM

g/L, and Tx_Sg Prot MonoCl were processed using custom parsing logic.

3. Staging Variable Encoding: Clinical staging variables, Stade_SD (Durie-
Salmon system) and Stade_ISS (International Staging System), were mapped
to ordinal numeric values according to standard medical definitions. An op-

tional one-hot encoding alternative was also considered.

4. Handling Categorical Variables: Immunoglobulin gene alterations (IgH,
IgL) were split and transformed using multi-label binarization (one-hot en-

coding). The binary variable Ostéolyse was mapped to 0/1.

5. Missing Data Handling: Columns with missing values exceeding a config-
urable threshold (default 30%) were dropped from the dataset. For the re-
maining numeric columns (excluding survival target and censoring indicator),
missing values were imputed using an out-of-scale constant value of -999999.
This imputation strategy leverages the robustness of Random Forests, which
can effectively handle such extreme values without introducing bias, as the
algorithm performs implicit data partitioning and is relatively insensitive to

monotonic transformations or outliers.
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6. Target Definition and Final Filtering: Two survival targets were avail-
able: Days_EFSA and Days_0SA, each with a corresponding censoring indicator.
Based on the selected label (osa or efsa), we constructed the label and event

vectors, then removed rows with missing survival or censoring information.

The result was a clean dataset suitable for survival modeling, with well-defined

covariates (X), survival times (y), and event indicators (y_censor).

4.2 Model Training

To build a predictive model for survival outcomes, we used the Random Survival For-
est (RSF) algorithm, implemented via scikit-survival. RSF is a non-parametric
ensemble learning method that extends the random forest approach to right-censored
survival data. It is robust to high-dimensional input and does not require the pro-
portional hazards assumption.

The data was randomly split into training and test sets using an 80/20 ra-
tio. Stratified sampling was applied based on the censoring indicator to ensure
class balance. The survival outcome was encoded as a structured array using
Surv.from_arrays (), combining both time-to-event and censoring status(event in-
dicator) into a format compatible with scikit-survival’s estimators.

A grid search was conducted to identify the optimal hyperparameters for the

RSF model. The result is shown in the table:
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Table 4.2: Best hyperparameter settings for RSF models determined via grid search.

Hyperparameter | Event of Death | Event of Relapse
n_estimators 200 175

min_samples_split 2 2

min_samples_leaf 1 1
max_features log2 log2

4.3 Evaluation

To evaluate the predictive performance of the Random Survival Forest (RSF) model
on survival outcomes, we employed two widely used evaluation metrics in survival
analysis: the Integrated Brier Score (IBS) and the Concordance Index (C-index).

These metrics respectively capture the model’s calibration and discrimination ability.

4.3.1 Brier Score

To assess the calibration and overall accuracy of the survival model over time, we
adopt the time-dependent Brier Score (BS), a proper scoring rule that measures the
squared difference between predicted survival probabilities and the observed out-
comes at a specific time ¢ [24]. In the presence of right-censored data, the Brier
Score incorporates inverse probability of censoring weights (IPCW) using the Ka-

plan-Meier estimate of the censoring distribution|25]:

where:
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~

e S(t,x;) is the predicted survival probability for subject i at time ¢,

y; is the observed time (event or censoring),

0; is the event indicator: 1 if event occurred, 0 if censored,

A

e ((t) is the Kaplan—Meier estimate of the censoring survival function,

e I(-) is the indicator function.

To address right-censoring in survival analysis, we use the Inverse Probability of
Censoring Weighting (IPCW) when computing the Brier Score. The standard Brier
Score measures the squared difference between the predicted survival probability
S (t,x;) and the actual outcome at time t. However, in survival data, some events
are unobserved due to censoring (e.g., patients lost to follow-up), which can bias
this score.

IPCW corrects for this by reweighting each individual’s contribution based on
the inverse of their probability of remaining uncensored until time ¢, denoted as G (t).
This censoring distribution is typically estimated using the Kaplan—Meier estimator,
a non-parametric method for estimating survival probabilities from censored data.
The idea is that uncensored individuals provide more reliable information and should
therefore be weighted more heavily.

Specifically, for patients who experienced the event before or at time ¢, the
squared error is divided by G(y;); for those still at risk after ¢, it’s divided by G(t).
This ensures fair evaluation of model performance despite uneven or informative
censoring.

To assess performance across the entire follow-up time, we compute the Inte-
grated Brier Score (IBS) as the weighted average of Brier scores over a time interval

[t1, 1], using a weight function w(t) = 7~ to emphasize later time points:

IBS — / " BSE() - w(t) di (4.2)

t1



4.3 EVALUATION 31

The IBS is conceptually similar to the integrated time-dependent AUC (iAUC),
as both aggregate model performance across time by integrating time-specific met-
rics. Whereas iAUC captures discrimination, IBS reflects both calibration and dis-
crimination. Mathematically, IBS represents the area under the Brier score curve
across the follow-up period, normalized by the length of the time interval|26].

Lower IBS values indicate better calibration and predictive accuracy across the
full time horizon. In this study, we report the mean IBS across 10-fold cross-

validation to ensure robust evaluation.

4.3.2 C-index(ipcw)

To evaluate the discriminative performance of the survival model, we use the time-
dependent Concordance Index (C-index), adjusted for censoring through Inverse
Probability of Censoring Weighting (IPCW). The C-index measures the model’s
ability to correctly rank survival times. For a pair of individuals, the model is
concordant if the patient with a shorter observed survival time is also predicted to
have a higher risk (i.e., lower survival probability).

The TIPCW-adjusted C-index is defined as:

ZWJ I(f(x:) > [x)))

Wi
/L?]

Crrow = : (4.3)

where:
. f(xl) denotes the predicted risk score (e.g., negative survival probability).

° W” is the inverse probability of censoring weight for the pair (4, j), estimated

using the Kaplan—Meier estimator G (t) of the censoring distribution.

e [(+) is the indicator function, which returns 1 if the predicted ordering of risk

agrees with the observed outcome, and 0 otherwise.
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In this study, we use the implementation provided in the
sksurv.metrics.concordance_index_ipcw function from the scikit-survival library
to compute the IPCW-adjusted C-index. We report the mean C-index across 10-fold

cross-validation to ensure reliability and reduce variance.

4.4 Cross Validation

Two different cross-validation strategies were employed in this study. First, to de-
termine the optimal threshold for missing data removal, we performed 10-fold cross-
validation and evaluated model performance using the mean Integrated Brier Score
(iBS) and Concordance Index (C-index) under each threshold setting. Second, to
obtain robust patient-level survival function estimates, we used RepeatedStratified-

KFold to average the predicted survival functions across multiple resampled splits.

4.4.1 Missing Threshold Selection

Table 4.3: 10-fold Cross-Validation Results of RSF with Different Missing Value
Thresholds

Target | Missing Threshold Mean iBS Mean C-index
osa 0.3 0.0781 £ 0.0305 0.6849 + 0.1086
osa 0.5 0.0776 £+ 0.0324 | 0.7055 4 0.1268
osa 1 0.0792 £ 0.0326 0.6756 £+ 0.1092
efsa 0.3 0.1378 £ 0.0226 0.6259 + 0.1242
efsa 0.5 0.1369 £ 0.0249 0.6217 + 0.1462
efsa 1 0.1337 £ 0.0223 | 0.6514 + 0.1486

Based on the cross-validation results presented in Table 4.3, we selected different
missing value thresholds for the two survival targets. For osa, a missing threshold
of 0.5 yielded the best predictive performance, with the lowest mean iBS (0.0776
+ 0.0324) and highest mean C-index (0.7055 £ 0.1268). Therefore, columns with

more than 50% missing values were removed for the osa target.
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In contrast, for the efsa target, retaining all features (threshold = 1.0) resulted
in superior model performance (mean iBS = 0.1337 £ 0.0223, C-index = 0.6514 +
0.1486). As such, no feature elimination based on missingness was applied for the

efsa prediction task.

4.4.2 Robust Survival Function Estimation

To obtain robust and reliable estimates of individual survival functions, we employed
a repeated cross-validation strategy using the RepeatedStratified KFold method. In
each fold, a survival model-—such as Random Survival Forest (RSF)—was trained
on the training subset and then used to predict the survival functions for the test
instances.

For each patient, multiple survival probability curves were generated from the
folds where the patient was included in the test set. These predictions were inter-
polated on a shared time grid and averaged, yielding an ensemble-based survival
estimate that smooths out variability caused by different training-test splits.

To further enhance interpretability, we applied SurvSHAP(t), a time-dependent
SHAP framework designed specifically for survival models. For each test instance,
SurvSHAP(t) computes feature attributions across the entire survival timeline, thereby
capturing how each variable contributes to the predicted survival probability at dif-
ferent time points. This allows for instance-level, temporally resolved explanations,
which are essential in clinical contexts where feature influence may evolve over time.

This cross-validated setup ensures that both predictions and SHAP explana-
tions remain unbiased, stable, and generalizable. The full pipeline is illustrated in

Figure 4.2.
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Figure 4.2: Overview of the cross-validation pipeline for aggregated survival func-
tions and SurvSHAP(t).
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4.5 Explanation with SHAP

4.5.1 SurvSHAP(t)

SurvSHAP(t) is a time-aware extension of the SHAP framework tailored for survival
models. It generates individualized, time-dependent explanations by aligning SHAP
values with the survival probability function over time. This method preserves the
local accuracy property, ensuring that the cumulative contribution of features aligns
with the model’s predicted survival function at each time point.

Unlike static feature attribution methods, SurvSHAP(t) captures how the influ-
ence of each variable evolves temporally, allowing for a more nuanced understanding
of feature effects across the survival horizon. Empirical studies have demonstrated
that SurvSHAP(t) effectively identifies covariates with time-varying importance and
provides more informative feature importance summaries compared to alternative
approaches such as SurvLIME [27].

In this project, SurvSHAP(t) was used to generate patient-specific explanation
curves, which help visualize not only which features contribute most to predicted

risk, but also when these contributions become more pronounced over time.

Patient 0: SHAP values over time Patient 0: Predicted Survival Function

SHAP value

0 1000 2000 3000 4000 5000 6000
Time

0 1000 2000 3000 4000 5000 6000
Time

Figure 4.3: SurvSHAP(t) and survival function for Patient 1



4.6 MEDIAN SURVIVAL TIME

36

Patient 1: SHAP values over time

-0.02

-0.04

SHAP value

-0.06

-0.08

-0.10

-0.12

0 1000 2000 3000

Time

4000 5000 6000

— Age
— Stade_SD
— Stade_Iss
— poucentage_CD138_Moelle
— NPC_par_mm3
— MMC_par_mm3 (Moelle)
Pourcentage_Phase S PC tumoraux
— Ostéolyse
Tx_Sg Prot MonoCl
Taux IgG gL
— Taux igh giL
Taux IgM g/L
— Calcémie mmoliL
— protéinurie g/24h
— Hémoglobine g/dL
— Béta2Mmg/L
CRP mg/L
— LHIUL
Albumine g/
—— Créatinine umol/L
—— %CD138 au myélogramme
Age au Diag
— Nb greffes
— 9
— A
—

Survival Probability

°
=

0.8

°
&

0.2

0.0

Patient 1: Predicted Survival Function

0 1000 2000 3000

Time

4000 5000 6000

Figure 4.4: SurvSHAP(t) and survival function for Patient 2
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Figure 4.5: SurvSHAP(t) and survival function for Patient 3

4.6 Median Survival Time

In this study, median survival time is adopted as a key summary statistic to evaluate

model-predicted survival functions. Compared to the arithmetic mean, the median

offers several advantages in the context of right-censored survival data, which are

commonly encountered in clinical research.

First, the median is less sensitive to extreme values and skewed distributions,

making it a more robust estimator of central tendency in survival analysis. This

is particularly relevant for patient populations exhibiting heterogeneous prognoses,

where long right tails are often observed in survival times|28], [29].
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Second, the interpretability of the median survival time enhances its clinical
utility. It represents the time by which 50% of the population is expected to have
experienced the event of interest (e.g., relapse or death). This interpretation aligns
with common practices in clinical prognosis reporting and facilitates communication
of results to both healthcare professionals and non-expert stakeholders|30].

Finally, the median can often be estimated reliably despite censoring, whereas
the mean may not be computable when follow-up is incomplete. This robustness
to censored observations makes the median particularly suitable as a comparative
metric for survival models.

Accordingly, the median survival time is used in this project to quantify and
compare survival outcomes at the individual level, based on the survival probabilities
predicted by the model.

The process for extracting instance-level SHAP values at the median survival

time is illustrated in Figure 4.6.

( Predicted Survival Functions (per patient) ’

Y
‘ Identify Median Survival Time ’

(First time where S(t) <0.5)

\ 4

‘ Interpolate SurvSHAP(t) at Median Time ’

\ 4

‘ Instance-level SHAP Value Table ’

Figure 4.6: Pipeline for extracting instance-level SHAP values at the median survival
time using SurvSHAP(t).
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4.7 Narrative Interpretation

4.7.1 Narrative Generation Pipeline

To generate patient-level narrative explanations from model predictions, we adapted
and extended the SHAPstory pipeline proposed by the research [4]. This approach
leverages SHAP values to guide the construction of free-text rationales that inter-
pret individual survival predictions. While the original SHAPstory framework was
designed for classification tasks, we customized and expanded it to accommodate
survival analysis.

We build on the previously extracted instance-level SHAP values, interpolated
at each patient’s predicted median survival time. To ensure interpretability, only
features with valid values and absolute SHAP scores above a predefined threshold
(e.g., 0.01) are retained. These filtered SHAP explanations serve as the foundation
for generating narrative rationales.

Each retained feature is associated with a clinically grounded description de-
rived from domain knowledge (e.g., "Hemoglobin (g/dL): Normal: 13-17 (male),
12-15 (female). Lower levels indicate anemia, a common complication."). These
descriptions, along with each feature’s SHAP score and observed value for the pa-
tient, are compiled into a prompt. The prompt provides context about the dataset,
the predicted survival time, the actual clinical outcome (censored or not), and the
SHAP-based rationale.

The process of generating structured prompts is illustrated in Figure 4.7. Based
on instance-level SHAP values, the pipeline filters relevant features, matches them
with predefined clinical descriptions, and composes a context-rich prompt. This
prompt is then provided as input to the locally deployed large language models

(LLMs) to produce narrative explanations.
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Instance-level SHAP Value Table

\ 4
Filter Features |

(Remove Missing Value and Set a SHAP Cutoff)

\ 4

Match Feature Descriptions |

\ 4

P
Compose Prompt Including Dataset Description,
Feature Value with SHAP, etc
N
Y
Generated Narrative Prompt
.

Figure 4.7: Pipeline for generating narrative prompts from SHAP-based feature
attributions.

4.7.2 Prompt Design

The prompt construction process was iteratively refined across multiple versions to
improve clarity, factual accuracy, and the interpretability of the generated narratives.

The initial version adopted a general format that introduced the survival model,
SHAP values, and basic response requirements. However, this style often resulted in
responses that lacked coherence or focused excessively on model evaluation rather
than interpretability. To encourage more explanatory and storytelling-driven out-
puts, subsequent iterations emphasized the importance of feature attributions and
explicitly discouraged assessments of model performance.

During this refinement process, we also identified instances where SHAP attribu-

tions contradicted established medical knowledge, which posed a risk of generating
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misleading content. To mitigate this, explicit instructions were added to prompt the
LLM to acknowledge such conflicts and interpret them in terms of what the model
may have learned from its training data.

Moreover, prior research by Cruz and Lombrozo (2025) [31] suggests that while
domain-specific jargon may increase perceived explanatory satisfaction, it can ac-
tually reduce comprehension for non-expert audiences. This insight informed our
decision to prioritize clarity and completeness over technical terminology. Accord-
ingly, we introduced a role-based instruction within the prompt, framing the LLM
as a medical expert communicating with a lay audience. This strategy encourages
the generation of more accessible and contextually appropriate narratives.

Later versions of the prompt incorporated structured medical context, clearer
instructions, and narrative constraints, such as response length and tone. We ex-
perimented with various styles—clinical, descriptive, and comparative—and ulti-
mately selected a prompt format that balances technical rigor with accessibility for

non-expert audiences.

4.7.3 Local Deployment of LLMs

To ensure compliance with data privacy regulations and avoid transmitting sensitive
clinical information to external servers, all large language model (LLM) inference
was conducted locally. We utilized the Ollama framework to host and interact with
a variety of open-source LLMs, supporting both lightweight (8-14B parameters) and
larger-scale models. Initial development and testing were performed on a MacBook
Pro (Apple M3 Pro), which provided sufficient capacity for running smaller models.
For experiments involving more computationally demanding LLMs, such as 34B and
70B variants, inference was transitioned to a high-performance computing (HPC)
cluster equipped with modern GPUs.

The software environments on both local and cluster setups were aligned by
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maintaining consistent versions of all dependencies, including PyTorch, Transform-
ers, and supporting libraries. This ensured reproducibility and compatibility across
different deployment platforms.

This local deployment strategy enabled secure, controlled, and scalable eval-
uation of different LLMs for narrative generation without compromising patient
confidentiality.

Ollama provides a lightweight and containerized environment for running lan-
guage models such as DeepSeek or LLaMA locally with minimal setup. It supports
efficient on-device inference and was particularly suited for iterative prompt tuning
and model response inspection.

For large-scale generation tasks, we used vLLM, an open-source framework op-
timized for fast and memory-efficient inference of transformer-based LLMs. The
vLLM deployment leveraged GPU acceleration and supported parallel request batch-

ing, which was crucial for handling multiple patient-level narratives efficiently.



5 Result and Discussion

5.1 Survival Model Performance

The predictive performance of the Random Survival Forest (RSF) was assessed using
repeated 10-fold cross-validation (3 repetitions). The Cox proportional hazards
model was used as a baseline for comparison. The results of model performance

are in the table:

Metric Random Survival Forest | CoxPH Survival Analysis
Mean C-index 0.6634 0.6084
Mean iBS 0.0841 0.1232

Table 5.1: Model performance of RSF and Cox Model using repeated 10-fold cross-
validation (3 repeats).

A C-index above 0.65 and an iBS below 0.1 are generally considered indicative
of good model performance in survival analysis. Based on these criteria, the RSF
model demonstrates superior predictive ability compared to the Cox model, and is
therefore selected as the preferred survival model.

Using the optimal missing value threshold and model hyperparameter settings
identified through grid search, we further evaluated the RSF model separately on
two different outcome events (OSA and EFSA). The performance metrics are sum-

marized in Table 5.2.
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Metric OSA | EFSA

Mean C-index | 0.6996 | 0.6600

Mean iBS 0.0812 | 0.1212

Table 5.2: Model performance of RSF using repeated 10-fold cross-validation (3
repeats).

These results suggest that a lower censoring rate does not necessarily lead to
improved model performance. Other factors, such as event heterogeneity, the infor-
mativeness of available features, and the suitability of model assumptions, may also

substantially influence predictive accuracy.

5.2 Prediction Time-point Selection

The Random Survival Forest (RSF) model outputs an estimated survival function
for each individual. However, such function-valued predictions can be challenging to
interpret or communicate in a clinically meaningful way. To address this, we derived
a single-point summary—the predicted survival time—from each survival function,
enabling straightforward comparison with the observed survival time.

We considered two strategies for deriving this point prediction: the expected
survival time (i.e., the mean of the survival distribution) and the median survival
time (i.e., the time at which the predicted survival probability falls to 0.5). Given
the right-skewed nature of survival data, expected survival time can be heavily influ-
enced by long tails, leading to potentially unstable or overly optimistic predictions.
In contrast, the median survival time tends to be more robust and interpretable.

To empirically support this choice, we plotted the expected and median predicted
survival times against actual survival times using uncensored samples (Figure 5.1).

The median-based predictions exhibited a stronger alignment with observed values.
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This was further confirmed by computing the coefficient of determination (R?),
where the median survival time yielded a score of —0.182, compared to —0.775 for
the expected survival time. While both scores are negative—likely due to the effects
of censoring—the median prediction still shows a relatively closer alignment to the

actual survival times.
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Figure 5.1: Comparison between expected survival time and median survival time
against actual observed survival times. The red dashed line denotes the ideal diag-
onal where predicted = actual.

Based on these findings, we chose to use the median survival time as the

primary point prediction for downstream evaluation and interpretation.

5.3 SHAP-Based Model Interpretability

To interpret the model’s behavior and identify which clinical features influenced
its predictions, we aggregated the instance-level SHAP values computed at each
patient’s median predicted survival time. By averaging the absolute SHAP values
across all patients, we obtained a global view of feature contribution magnitudes.
This reflects how strongly each variable contributed, on average, to model-predicted

survival outcomes. The summary in Figure 5.2 highlights features with the highest
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overall impact, serving as a basis for global interpretability.

Global Feature Importance (Median Time)
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Figure 5.2: Global feature attribution based on mean absolute SHAP values com-
puted at each patient’s median predicted survival time. Features with higher values
contributed more strongly to model survival predictions across the cohort.

While global SHAP analysis reveals which features were most influential across
the entire cohort, it does not explain how those features contributed to individual
predictions. To address this, we further analyzed local SHAP value distributions at
the patient level.

We selected one sample and visualized the SHAP value profile at the median
survival times. The visualization illustrates how the model attributed importance to
each clinical feature for a specific patient, reflecting personalized decision rationales.

In each case, features with large positive SHAP values contributed to increased
predicted survival, while negative SHAP values indicated factors associated with
decreased survival. This patient-level interpretability is particularly valuable in
clinical contexts, where individualized explanation is essential for transparency and

trust.
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SHAP Value at Median Survival Time — Sample 5
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Figure 5.3: Local SHAP values for Sample 5 at the predicted median survival time.

5.4 Narrative Explanation

Building upon the local SHAP values described in the previous subsection, we gener-
ated natural language rationales to explain individual predictions. For each patient,
a structured prompt was constructed based on features ranked by their absolute
SHAP values at the predicted median survival time, using a cutoff threshold (de-
fault = 0.01) to retain only the most influential variables. The prompt is designed
based on the research|4] and after several rounds of prompt optimization, we found
that prompts containing detailed descriptions of medical features and using rank-
ings based on the absolute SHAP values—rather than the raw SHAP values—led to
more coherent and informative outputs from the language model.

The finalized prompt format is shown below:
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Final Prompt Template

You are a data scientist explaining an Al model’s prediction using com-
puted SHAP values. You need to interpret the feature attributions for a

medical expert and explain what positive and negative SHAP values represent.

Here’s the background information for the patient case we are analyzing:

An Al survival model was used to predict a dataset on patients diagnosed
with multiple myeloma, containing diagnostic information, biomarkers,
treatment history, and clinical outcomes. The input features of the data
include data about the complete clinical profile of a patient with multiple
myeloma. The target variables include the event indicator (whether the
event occurred or was censored) and the time to the event, representing the

predicted duration until death from multiple myeloma.

The predicted result and the actual target variables of a certain instance are
shown below: The AI model was trained to predict median survival time
and the model predicted a median survival time of {predicted} days. This
patient’s actual survival time was {actual} days (the event occurred). Please
ensure your explanation focuses solely on why the model made this pre-

diction and does not judge or estimate the model’s performance in this case.

The provided SHAP table was generated to help us understand this outcome.
It includes every feature along with its value for that instance, and the SHAP
value assigned to it. For this explanation, a positive SHAP value indicates
that a given variable has increased the survival possibility (a more favorable
outcome), while a negative value indicates a decrease (a less favorable out-

come).
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Final Prompt Template

The goal of SHAP is to explain the prediction of an instance by computing

the contribution of each feature to the prediction. The SHAP explanation
method computes Shapley values from coalitional game theory. The feature
values of a data instance act as players in a coalition. Shapley values tell us
how to fairly distribute the “payout” (= the prediction) among the features.
If the interpretation of a feature’s SHAP value appears to conflict with es-
tablished medical facts, provide a concise explanation that emphasizes *what
the model learned from its specific data patterns®. Your explanation should
be accurate to the model’s behavior and convincing, without misleading the

audience by distorting medical facts.

Now, your task is to come up with a plausible, fluent, and correct story to
explain why the model predicted this outcome. Focus on the features with the
highest absolute SHAP values, and explain what positive and negative SHAP
values indicate. In your story, try to explain the most important feature
values and potential interactions that fit the narrative. There is no need to
enumerate individual features outside of the story. Conclude with a short
summary of why this predicted survival time may have resulted. Limit your
answer to 10-14 sentences.

{Features with Value and SHAP Value Table}

{Corresponding Feature Description}

5.5 Comparison of LLM Responses

In evaluating the generated narratives from various locally deployed LLMs, we ob-

served notable differences across three key dimensions: factual consistency with
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SHAP-based feature attributions, logical reasoning grounded in feature descrip-
tions, and narrative fluency and clarity. Among all evaluated models, DeepSeek-
R1-Distill-Llama-70B demonstrated the most balanced performance, exhibiting
strong alignment with SHAP values, clinically coherent reasoning, and fluent story-
telling. Notably, it is also the largest model we deployed locally on the computational

cluster, with the highest number of parameters among all tested LLMs.

Model SHAP Consistency Model Reasoning Narrative Quality Notes

DeepSeek-R1-Distill- v v v Fluent and well-aligned with SHAP attribution
Llama-70B

Yi-34B-Chat X v v Misinterprets SHAP direction despite valid reasoning
Qwenl.5-32B-Chat X . v Coherent narrative, but lacks logical consistency
Mixtral-8x7B X X X Contradictory output, weak justifications
DeepSeek-r1:14b X X X Low factual accuracy and interpretability

Table 5.3: Qualitative evaluation of local LLMs across three dimensions: SHAP
factual consistency, medical reasoning, and narrative quality.

Here is a representative example generated by DeepSeek-R1-Distill-Llama-70B.
To protect patient privacy, detailed numerical values and figures are omitted. After
being provided with clinical feature descriptions, the LLM is better able to explain
the model’s decision-making rationale and address potential contradictions between

SHAP-based reasoning and established medical knowledge.

Response Example

The AI model predicted a median survival time of 1660.7 days for the pa-
tient, considering several key factors that negatively impacted the prognosis.
According to the SHAP analysis, the model’s prediction was influenced by
features with negative contributions, indicating factors that decrease survival
possibility.

1. Hypercalcemia (Calcémie mmol/L: 4.89): Elevated calcium levels

suggest bone resorption and increased tumor activity, contributing negatively
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Response Example

to survival with a SHAP value of -0.1555.

2. IgA Subtype (IgA: 1.0): The presence of the IgA subtype may indicate
specific biological features associated with a worse prognosis, contributing a
SHAP of -0.0327.

3. High S Phase Percentage (3.0%): Indicating rapid tumor cell pro-
liferation, this factor suggests aggressive disease and contributes a SHAP of
-0.0293.

4. Hemoglobin (15.4 g/dL): Although within normal range, the model as-
sociates higher hemoglobin with worse outcomes in this dataset, contributing
a SHAP of -0.0197.

5. Elevated IgA Levels (32.0 g/L): High IgA levels are indicative of the
IgA myeloma subtype, contributing a SHAP of -0.0195.

6. Low Albumin (35.0 g/L): Reflecting possible inflammation or malnu-
trition, this contributes a SHAP of -0.0182.

These factors collectively pulled the prediction downward, yet the model still
estimated a longer survival time than the observed 1359 days. This dis-
crepancy suggests the model may have considered other positive factors not
listed or a high baseline survival estimate. The prediction reflects the model’s
weighting of these negative factors against other potential positive influences,

resulting in a longer predicted survival despite adverse prognostic indicators.




6 Conclusion

This study proposed a hybrid framework that combines survival model predictions,
structured prompt generation, and locally deployed large language models (LLMs)
to produce narrative explanations for multiple myeloma patients. Using a Ran-
dom Survival Forest (RSF), we predicted median survival times and extracted time-
dependent SHAP values at that specific time point via SurvSHAP(t), enabling in-
dividualized interpretability. These SHAP values were used to construct structured
prompts, which were then processed by LLMs to generate human-readable narra-
tives. The resulting explanations offer valuable insights into feature attributions for
the domain experts.

Compared to Cox model, the RSF model achieved more ideal and precise predic-
tion in the survival analysis with higher dimensional dataset in this case. While the
RSF model establishes a reasonable predictive baseline, there remains room for im-
provement. For example, in some instances, older age was incorrectly attributed as a
positive survival factor—contradicting established clinical understanding. This sug-
gests potential limitations of the model in capturing complex feature interactions or
cohort-specific biases. Future work may explore deep learning-based survival models
that can better account for such non-linear dependencies.

Regarding the LLM-based narrative generation, prompts were carefully crafted
to minimize ambiguity and support domain-specific reasoning. However, the lan-

guage models employed in this study exhibited limited understanding of medical and
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biological concepts. To address this, we explicitly incorporated background informa-
tion—such as normal ranges and the clinical significance of abnormal values—into
the prompts to improve the interpretability of the generated explanations. In future
work, the description of biomarkers should be contextualized based on the charac-
teristics of the patient cohort, rather than relying on normal ranges derived from
healthy individuals, to enhance the relevance and interpretability of explanations in
the context of multiple myeloma.

Due to computational and resource constraints, our experiments primarily fo-
cused on small- to medium-sized LLMs deployed locally. To compensate for their
limited domain knowledge, we enriched the prompts with detailed feature descrip-
tions and contextual cues. In future work, the use of more powerful, larger-scale
models may further enhance both the reasoning accuracy and narrative quality in
clinical explanation tasks.

Finally, while our evaluation revealed notable differences in model performance,
the assessment primarily focused on quantitative metrics and model-generated out-
puts. The narrative explanations produced by the LLMs were not yet been evalu-
ated by a broader audience. Consequently, the interpretability and trustworthiness
of these narratives remain to be systematically validated. Future work will incorpo-
rate expert-centered evaluation and qualitative analysis to better assess the clarity,
relevance, and clinical utility of the generated explanations.

Overall, this study underscores the importance of combining model interpretabil-
ity techniques with generative Al to improve transparency in clinical decision-
making. Our framework may serve as a step toward more explainable Al applications

in healthcare.



7 Declaration of AI Usage in the

Thesis

This project centers on the use of large language models (LLMs) for generating indi-
vidualized narrative explanations based on feature attributions from SHAP value. In
particular, locally deployed LLMs were integrated into the experimental pipeline to
generate sample-wise rationales, interpreting model predictions in natural language.
These explanations are a core part of the final outputs.

In the research process, additional Al tools were employed to assist with under-
standing related work, refining code, and improving writing clarity. Besides Google
Scholar, Consensus served as a supporting tool to help identify relevant papers and
extract key insights. In addition, tools such as Gemini and NotebookLM were used
to interpret complex methods and summarize scientific contents from the collected
literature.

For code development, ChatGPT provided suggestions on implementation tech-
niques and guidances. It also served as an interactive assistant to help clarify the
overall project logic. Claude was used for efficient debugging and code refinement.

During the thesis writing stage, ChatGPT was occasionally used to improve sen-
tence fluency, check for grammatical issues, and rephrase my original text where ap-
propriate. All conceptual contributions, technical implementation, and final manuscript

structuring remain my own.
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Overall, while AT tools supported various aspects of the project, their roles were
limited to assistance in understanding, coding, and writing. The LLM-generated
narratives in the results are part of the core experimental design and output of this

work.
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