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Abstract
The amount of genetic data available for analysis is rapidly growing, and the importance of analyzing this 
type of data is paramount to the field of precision medicine, in which diagnostic and prognostic tasks rely 
on genetic data analysis in many fields, including in oncology. Given the high dimensionality of genomic 
data, AI or machine learning in genomics requires more sophisticated methods to help clinicians interpret 
their results, as gene-level explanations may not be sufficient to make sense of these results. Given the  
growing importance of XAI, a rapidly growing number of AI papers in genomics refer to XAI methods. In 
this paper, we present general methods for XAI in genomics and focus on how LLMs can contribute to  
explanations at the case level in the domain of oncology. The preliminary results obtained in this study are 
encouraging about the role LLM chatbots can play in the user interface to help explain machine learning  
results to users at the case level in conversational or visual interaction modalities.

Keywords
case-based reasoning, XAI, LLMs, GenAI, survival analysis, oncology 

1. Introduction

Precision medicine proposes to diagnose and treat diseases by adjusting diagnosis and treatment 
approaches to each patient, taking into account their specificities to tailor care to each individual 
(Chen et al., 2022). Instance-based machine learning and their case-specific explanations represent a 
promising avenue for precision medicine decision support (Toussaint et al., 2024). 

Decision support systems for precision medicine often resort to larger, more precise sets of data 
for each patient, and often involve genetic data, and even multiomics data, to screen each patient 
more thoroughly as the genetic information may provide a more precise and fine-grained description 
of a patient’s ultimate bodily functioning (Toussaint et al., 2024). Due to the size and complexity of  
this data, machine learning models have recently been poised to provide decision support tools for 
precision medicine (Hsu et al., 2026), in addition to classical biostatistical analytical methods. 

If the predictive performance of machine learning algorithms has progressed tremendously, many 
recent works have focused on improving explainability (Lundberg et al., 2017). Machine learning 
researchers typically allude to a “black- box” effect (Budhkar et al., 2025) when input and output are 
understood, but the processing that occurs in-between is obscure. Methods leading to a greater level 
of explainability,  such as models interpretable by design,  are necessary in medicine since users are 
ultimately responsible for their clinical decisions and thus need to make informed decisions (Hsu et al., 2026). 

However, when genetic data is involved like in precision medicine, XAI methods are particularly important as 
the feature set may be very large, and not straightforward to interpret by medical users (Toussaint et al., 2024). 
This article explores some of the roles LLM chatbots can play to tackle the task of explaining machine learning 
models on evolving genetic data, and presents some possible use cases in the task of survival analysis in oncology 
as a case study. 
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2. XAI Background

Rudin (2019) stresses the importance of machine learning models that are interpretable by design, 
and  not  only  explainable  after  the  fact  (post-hoc).  Further,  Rudin  et  al.  (2022)  highlights  ten 
challenges in XAI, with a focus on preferring interpretable models for high stakes decisions such as  
medical  decisions,  and methods to  address  them.  Actually,  most  XAI tools  recently  applied in 
Genomics (Toussaint et al., 2024) to explain blackbox models are considered as model-agnostic, post-
hoc,  tools by Rudin et  al.  (2022).  Rudin et  al.  (2022) refer to the following list  of methods for  
interpreting machine learning Models. We also highlight counterfactuals as promising explanatory 
artifacts (Toussaint et al., 2024). 

I. XAI models  interpretable by design (Rudin et  al.,  2022):  case-based reasoning,  decision 
trees/lists/rules, scoring systems, generalized linear/additive models (GLMs/GAMs), physics/causal 
modeling, and disentangled neural networks (Chen et al., 2019) are all represented in this category. 

II. SHAP: The SHapley Additive exPlanations (SHAP) model is a post-hoc agnostic, model-
dependent, XAI model, based on feature attribution able to generate explanations for tabular and 
image data (Lundberg and Lee, 2017). 

III. LIME: The Local Interpretable Model-agnostic Explanations model is a post-hoc agnostic 
XAI model, based on feature attribution able to generate explanations for tabular and image data 
(Ribeiro et al., 2016). 

IV. Grad-CAM: The Gradient-weighted Class Activation Mapping model is a post-hoc agnostic 
XAI model, based on feature attribution able to provide visual explanations for image data based on 
the gradient values of the last convolutional layer from convolutional neural networks (CNNs) 
(Selvaraju et al., 2017). 

V. Twins: ANN-CBR twins are a post-hoc agnostic XAI model,  which proposes to explain 
deep learning using examples (Kenny and Keane, 2021). The explanation takes the form of a set of 
examples. 

VI. Counterfactuals:  Among  explanation  methods,  grounded  in  cognitive  psychology, 
counterfactual  explanations  stand out  for  their  power  of  persuasion by  generating  contrastive 
scenarios based on such questions as “What would happen if?” (Byrne, 2019) to show what should 
be changed in current features to shift the current classification or risk into a positive outcome. 

Because genomics programs are often written in R scripting language, a large number of XAI 
tools are available for R, such as DALEX (Biecek, 2018) and iml (Hothorn and Kook, 2025), as well as 
in Python libraries.

3. XAI in Genomics

We conducted a survey of the biomedical literature in AI in Genomics by searching in Pubmed using 
MESH  global  terms  (query  =  "Artificial  Intelligence"[Mesh])  AND  ("Genomics"[Mesh]  OR 
"Multiomics"[Mesh]) AND explainable), we obtained 224 papers, with a sharp increase in 2025 (see 
Fig.1), which we analyzed for XAI methods and evaluations. We also performed specific searches at 
the intersection of AI, Genomics and the XAI methods listed. 

Toussaint  et  al.  (2024)  developed  a  classification  map  for  XAI  methods  in  genomics  and 
multiomics including 10 facets on 405 papers. Of particular interest, they noted that, if the main XAI 
methods  used  in  genomics  are  feature  relevance,  simplification,  local  explanation,  and  visual 
explanation,  other  methods  highlighted  in  the  XAI  literature  were  promising  and  too 
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underrepresented,  namely  explanation  by  example  (Papernot  and  McDaniel,  2018)  and  text 
explanations (Feldhus et al., 2023). Further they propose to investigate how explanation by example 
can improve post-hoc analysis of this data. Several other papers stress the importance for the future 
of example-based and counterfactual and example-based explanations (Gates et al., 2023; Bhudkar et 
al., 2025; Hsu et al, 2026). 

Based  on  this  literature  review,  it  is  clear  that  the  main  quality  searched  for  in  terms  of  
explainability in this domain is feature relevance (Toussaint et al., 2024). All machine learning models 
in this domain select features to simplify their models (feature selection), while they often also 
practice feature attribution for explainability purposes. Both processes often work synergistically for 
biomarker discovery. Hence all papers reviewed were interested in biomarker discovery (Toussaint 
et  al.,  2024),  and discussed both 
the  confirmation  of  known 
biomarkers  of  certain  diseases, 
and the  discovery of  potentially 
interesting  novel  biomarkers, 
which could then lead to research 
experiments  to  confirm  their 
clinical  relevance.  In  that  sense, 
this  major  quality  searched  for 
relates as well to model sparsity 
since one of its effects is to reduce 
the  input  set  of  the  highly 
dimensional data. 

                                                           Figure 1. The increase in XAI in Genomics publications

4. LLM Generated Explanations Use Cases

This  paper  explores  how textual  explanations  for  case-based  machine  learning  models  can  be 
generated through GenAI prompting with a use case in XAI in Genomics for Oncology. 

Textual and/or conversational explanations have been proposed and successfully evaluated for 
machine learning models (Feldhus et al., 2023; slack et al., 2023), and this type of explanation is being 
more  and  more  proposed  to  users  since  the  large-scale  availability  of  GenAI  tools.  However,  
researchers highlight the limitations of these tools regarding the possibility of generating inaccurate 
information and hallucinations (Palod et al., 2026). Solutions have been proposed to counter this  
limitation, for example by Palod et al. (2026), who enhance the effectiveness of GenAI explanations  
by presenting arguments for and against the AI’s answer.

In this section, we present a case study of GenAI explanations for a case-based reasoning survival 
analysis model in oncology as a proof of concept. Given the range of questions users may want to  
ask from machine learning models for explanation purposes, interfaces to LLM APIs have been made 
available for bioinformatics analytical pipelines. LLMs can be resorted to for a number of questions, 
by transmitting prompts to GPTs and displaying results to users (Ex: mergen R package).

We selected a number of use cases to explain case-level recommendations by a case-based survival 
analysis model, CBRinR (Bichindaritz et al, 2025) with the goal of evaluating the feasibility of using 
prompts  to  generate  sophisticated  genomics  explanations  to  users  through  conversations  and 
visualizations. 

More specifically, the dataset used contains breast cancer gene expressions from the Illumina 
HiSeq RNA sequencing data collected from TCGA. This dataset contains 17,002 features with values 
ranging between -1 and 1. After preprocessing, differential expression analysis, and reducing samples 
to just the primary cancer tissue, 1151 features and 761 samples were retained. The LLM chatbot  
tested is an enterprise-level university-managed Google Gemini Education chatbot. 
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CBRinR is a CBR framework for survival analysis, CBRinR, is described in (Bichindaritz et al.,  
2025).  Briefly,  it  proceeds  first  through learning prognostic  risk  groups based on differentially 
expressed genes determined by the Cox proportional hazards model, which can be visualized through 
Kaplan-Meier survival curves. This helps the interpretability as we can visualize where a query case 
fits among the risk groups. Then a query case is matched to a varying number of retrieved cases from 
the memory, before being adapted based on the differences between the query and retrieved cases.  
Our framework also takes into account confounding factors in its retrieval step, since the underlying 
Cox model can handle them. It is interesting to note that almost all ML survival models rely on the 
Cox model, whether random survival forests, or deep learning models such as LSTM or transformers. 

In this case study, we use a single retrieved case (‘TCGA-C8-A273’) and the corresponding query 
case (‘TCGA-D8-A1JC’) were entered as attached files into the system. No other information than 
the presented prompts was entered into the system, which appears preloaded with biological and 
genetic knowledge bases. The following use cases were selected and tested on the query case and the 
corresponding retrieved case for the task of survival analysis:

P1. Please tell me the features in common between the retrieved cases and the query case.

P2. Please tell me the main differences between the retrieved cases and the query case.

P3. Can you visualize these commonalities and differences between the retrieved cases and the 
query case?

P4. Can you map these common features at  the biological  pathway level  or the functional 
level?

P5. Same question for the differences?

P6. Can you provide a visual representation at the pathway level?

P7. Can you summarize for an oncologist what you have found about the relationship between 
the retrieved cases and the query case?

P8. Same question for a patient.

P9. Can you generate a counterfactual for this query case?

4.1 Initialization

The intent was to ask the chatbot to determine the 
main commonalities and differences between the 
query case and the retrieved case (prompts P1, P2, 
P3).  Interestingly,  the  chatbot  performed  this 
analysis automatically before prompting, and also 
automatically detected that the machine learning 
model is based on case-based reasoning. 



Bichindaritz et al. ICCBR’26 Workshop Proceedings

5

4.2 Cases comparison

Output:

It is interesting to note that this summary table of comparison between the query case and the  
test case has selected the survival time and survival status automatically as the most important 
features for this survival analysis model, without even explaining the model type. 

Case Type Patient ID Survival  Time 
(Years) Survival Status

Query Case TCGA-D8-
A1JC ~ 1.32$ 0 (Right-Censored 

/ Alive)

Retrieved 
Case

TCGA-C8-
A273 ~ 1.41$ 0 (Right-Censored 

/ Alive)
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The proposed visualization is a Pearson correlation between the genes of the query case and the 
retrieved case. The user could request a different type of visualization as needed. 

44

The proposed explanation resorts to genetic knowledge for this detailed interpretation, and likely 
genetic pathway-level interpretation of the genes in common. We can further ask the system to 
provide a visual representation of the comparison between cases. 
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Output: 

Overall, the chatbot was able to detect, quantify, visualize, and interpret reasonably well the  
similarity and differences between cases. 

4.3 Genetic pathway explanations

Output:

Gemini generated several pages of interpretations at the pathway level and concludes by providing 
a precise explanation of results at the pathway level.
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Output excerpt

Gemini generated several pages of interpretations of differences at the pathway level and concludes 
by providing a precise explanation of results at the pathway level. 

Gemini also generated a concise visual representation of both commonalities and differences at the  
pathway level (not shown in this article). 

4.4 Summaries for specific users

For the other tasks, Gemini provided detailed explanations to oncologist users, and with a different 
language, to patient users. For the clinicians, it proposed some treatment ideas to explore. The system 
was also able to generate some basic counterfactuals. 

Output excerpt for an oncologist

Output excerpt for a patient
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5. Discussion and Conclusion

In this paper we discussed the state-of-the-art in XAI in genomics and experimentally tested available 
R packages for LLM explanations for case-based survival analysis in the oncology domain. The tested 
use cases provided detailed responses to a number of a user’s questions about the CBR system 
recommendations, which demonstrated that the chatbot had at its disposal deep knowledge about 
genetics, allowing it to map genes to genetic pathways, in particular. Although these results are 
preliminary,  they  at  least  provide  a  proof-of-concept  that  LLMs  can  quickly  generate  genetic 
explanations to CBR recommendations in this domain, which can be used to create explanation 
prototypes for user feedback when designing CBR systems in this  domain.  This  type of  LLM-
generated explanations  can be  used for  rapid prototyping of  CBR explanations  to  collect  user 
feedback on preferences. It would be possible to mine users’ interaction with the explanation system 
to learn their preferences and questions. However, before considering using LLM-based explanations 
for  CBR  recommendations  in  the  clinic,  more  thorough  validations  of  the  accuracy  of  the 
explanations needs to be undertaken (Weber et al., 2024), as well as steps to ensure the safety of these 
explanations since the research on safety-critical systems has demonstrated that accuracy is not 
sufficient to ensure safety (Leveson and Turner, 1993). Hence controlling the existence of inaccurate 
or hallucinated results as proposed by (Palod et al., 2026) would be a valuable step for clinical settings, 
however would also require safety-critical design considerations. We also plan to develop many 
other types of questions that users may find interesting to discuss with the CBR system, as prompt 
patterns for XAI in Genomics (White et al., 2023).
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