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Abstract
Complex machine learning models, such as XGBoost, are often used on tabular data, but explaining
their predictions is a non-trivial task that requires the setup and configuration of post-hoc explainers
such as SHAP or LIME. These explainers need access to the model and technical expertise, which are
often unavailable when a model is proprietary or only accessible through a restricted interface. Large
LanguageModels (LLMs) could offer an alternative, as prior work has shown that LLMs can rank feature
importance without access to the model’s internals, but only on small binary classification datasets, so
it is unclear when their rankings agree with established explainers.

To address this gap, this thesis investigates under what conditions LLM-generated feature impor-
tance rankings agree with SHAP and LIME. To answer this, we trained XGBoost models on three
datasets across different task types and dimensionalities: California Housing, Wine Quality, and Tai-
wan Bankruptcy Prediction. We then prompted two open-weights LLMs, Gemma 4 (31B) andGPT-OSS
(120B), to rank which features are driving 100 individual predictions per dataset. For the prompting, we
used five prompt templates derived from three approaches: text-driven prompts that provide feature
names and task context, data-driven prompts that provide anonymized perturbed samples, and a novel
mixed neighbors prompt that combines feature names with real contrastive neighboring samples. The
rankings were compared against rankings from SHAP and LIME using Spearman correlation and top-𝑘
overlap.

We found that alignment is mainly dependent on the dataset characteristics and the information
included in the prompt. The best setup on California Housing, mixed neighbors with Gemma, came
close to the agreement between SHAP and LIME themselves (a Spearman correlation of 0.693 com-
pared to 0.772). On Wine Quality, where SHAP and LIME are in slight agreement (0.226 Spearman
correlation), most setups surpassed their agreement, with a text-driven prompt reaching 0.645 against
SHAP. On Taiwan Bankruptcy Prediction, all setups stayed below the agreement between SHAP and
LIME (at best 0.305 compared to 0.414), with data-driven prompts performing best. Across all three
datasets, the choice of prompt template affected agreement more than the choice of LLM.

However, text-driven rankings often missed the most important feature of individual predictions,
suggesting that their agreement comes largely from the LLM’s own domain knowledge rather than
the sample’s feature values. Overall, LLM-generated rankings can offer a quick, rough estimate of
which features are predictive, but are not able to completely replace traditional post-hoc explainers.
In practice, LLMs are best suited as a first check when model access is restricted, while high-stakes
decisions still require explanations computed from the model itself.

Ciprian Bica
Delft, October 2026
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Glossary
Gemma Gemma 4 (31B), an open-weights, instruction-tuned large language model developed by

Google DeepMind.

GPT-OSS GPT-OSS (120B), an open-weights Mixture-of-Experts (MoE) large language model devel-
oped by OpenAI.

LIME Local Interpretable Model-agnostic Explanations (Ribeiro et al., 2016), a local surrogate-based
post-hoc explainer.

LLM-Rank / LLM-Score Prompt templates, adapted from Jeong et al. (2025), for ranking and scoring
feature attributions using semantic feature names.

LLM-Select (Jeong et al., 2025) A method for feature selection using large language models.

P-ICL / PG-ICL Perturb In-Context Learning and Perturb + Guide In-Context Learning, data-centric
prompt templates that provide perturbed local neighborhood data points to the LLM, adapted
from Kroeger et al. (2024).

SHAP SHapley Additive exPlanations (Lundberg & Lee, 2017), a method for explaining model predic-
tions based on game theory.

XAI Explainable Artificial Intelligence
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1
Introduction

Machine learning (ML) algorithms are increasingly being used in a variety of domains, some of which
are high-stakes, such as finance, healthcare, national security, and criminal justice (Pugliese et al.,
2021). Their applications range from agriculture to complex financial fraud detection systems. These
systems are able to perform classification, prediction, and decision-making tasks by learning from and
analyzing past data.

However, this increase in the deployment of complex ML algorithms and deep learning methods in
decision-making for several high-stakes domains has already raised concerns about a possible lack of
understanding among their users of how decisions are made. This is a concerning trend, especially in
critical domains such as the criminal justice system, finance, and healthcare (Rudin, 2019; Varshney &
Alemzadeh, 2017).

More broadly, this large-scale deployment also points to an emerging gap between the complexity of
Artificial Intelligence (AI) systems and the ability of non-expert users to interpret their outputs (Sarkar,
2022). This could potentially result in people relying on AI-generated outputs without the necessary
understanding or domain knowledge that a situation might require. It may not be easy for decision-
makers to evaluate the correctness, reliability, or limitations of these systems.

The types of models that are too complex for humans to intuitively understand are referred to as
‘black-box’ models (Guidotti et al., 2018). Because of the pervasiveness of such models, various Ex-
plainable Artificial Intelligence (XAI) approaches have been created to help address this problem (Adadi
& Berrada, 2018; Arrieta et al., 2019).

Currently, two of the most commonly used methods to address this explainability issue are applying
a post-hoc explainer, such as SHAP (SHapley Additive exPlanations) (Lundberg & Lee, 2017) or LIME
(Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016) to the model. These meth-
ods output feature attribution coefficients based on different ways of calculating how much individual
features change the model’s predictions.

Moreover, previous work has shown that tabular data is one of the most common data types used
for ML tasks (Borisov et al., 2022). For this data type, tree-based ML models, such as Random Forests,
XGBoost (Chen & Guestrin, 2016), and LightGBM (Ke et al., 2017), have been shown to consistently
achieve strong results (Grinsztajn et al., 2022). In particular, these specific ML models tend to func-
tion like black boxes (Zhou et al., 2021), providing predictions without much context for the user and
highlighting the XAI problem mentioned earlier.

Most post-hoc explanation methods assume a non-trivial level of access to the predictive model in
order to compute feature attributions. This mainly refers to technical access, such asmodel parameters,
repeated querying of the model, or information about the models themselves. For example, SHAP
requires access to the model’s internal structure and repeated model evaluations depending on the
implementation, while LIME relies on querying the model with large numbers of perturbed samples.
In many real-world deployments, such access may not be available or practical. Predictive systems
may be proprietary, accessible only through restricted interfaces, or integrated into legacy infrastructure
where direct inspection of the model is not possible (Rudin, 2019).

Beyond the access problem, both methods require a certain level of technical expertise to configure,
interpret, and deploy correctly. This is especially true for an already-deployed setup, where applying a

1
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post-hoc explainer requires additional engineering work, such as creating a wrapper for the model to
make it accessible to the explainer and potentially reconstructing a part of the model pipeline for that
purpose.

Beyond this limitation, there are also economic incentives that can create challenges for explainabil-
ity in certain environments. For example, when companies are contracted as third parties to develop
AI systems, they might wish to protect their commercial interests and intellectual property by keeping
their models inaccessible or unnecessarily complex (Lambin & Raizonville, 2025).

Together, these technical, economic, and engineering issues can compound to leave end-users
with few options to help them understand the reasons why a specific prediction was made.

Large Language Models (LLMs) (Zhao et al., 2025) could represent a way to bridge this gap. LLMs
are complex AI systems based on the transformer architecture that can generate text after being trained
on large amounts of data. They have also shown the capability to perform complex reasoning tasks
with no knowledge of previous examples and without task-specific training (‘zero-shot’) (Kojima et al.,
2023). These properties make LLMs an interesting choice for improving explainability.

Specifically, an LLM does not need to have access to the internal structure or learned parameters
of an ML model. This means that any feature importance produced by an LLM would be based mostly
on its internal statistical knowledge and reasoning capabilities, rather than on the actual model com-
putations. This approach has both advantages and disadvantages. On the positive side, the LLM can
incorporate domain-specific knowledge and reason about the data in ways that purely mathematical
methods like SHAP and LIME cannot.

On the negative side, because the LLM has no access to the relationships the model has actually
learned and cannot calculate hard statistical correlations, its rankings may reflect its own general world
knowledge and training biases rather than the patterns the model relies on. This matters most when
the model’s training data is imperfect, incomplete, or biased. In that case, SHAP and LIME will reflect
the resulting flaws in the model’s behavior, which is exactly what an explanation should reveal, whereas
an LLM may rank features according to what is plausible in the domain and leave these flaws hidden.

At the same time, it has been shown that LLMs are capable of successfully selecting the features
with the most predictive power for the upstream task of model training while being given only the input
names and details about a prediction task, or just a few concrete data points (Jeong et al., 2025; Li
et al., 2024).

This reveals an interesting question about LLMs in the context of XAI: if LLMs can choose the fea-
tures with the most predictive power to train a model, can they also approximate feature contribution
values for a model that has already been trained? If their outputs align with existing post-hoc methods,
LLMs could serve as a lightweight proxy for approximating feature contributions in settings where tra-
ditional XAI tools cannot be used, requiring no access to the model’s internal structure and, for some
prompting approaches, no model queries beyond the prediction being explained. This approach could
be particularly well-suited to any setting where end-users may lack the technical background required
to configure and set up SHAP or LIME, or where model access is restricted. This could also lead to
higher accessibility of explainability for non-expert users across a wide range of deployments.

To this end, the research question we aim to answer in this work is:

Under what conditions do LLM-generated feature importance rankings agree with post-hoc
explanation methods such as SHAP and LIME?

To help answer this question, we propose a methodology to test whether LLMs can approximate
the feature importance of a trained predictive model and to identify under what conditions (prompting
strategy, dataset choice, etc.) this alignment improves. The proposed workflow consists of training
a set of XGBoost predictive models on multiple datasets, then generating feature importance values
using SHAP and LIME for these models. After that, we request feature importance rankings from
an LLM using various prompting strategies and compare the results quantitatively. While this study
focuses on tree-based models as a practical choice for this data type, the proposed methodology is
model-agnostic and could, in theory, be applied to any type of model.

In the next chapters, we provide some theoretical background and related work about post-hoc
explainers, LLMs, and prediction models. Chapter 4 details the proposed methodology. In Chapters
5 and 6, we present the experimental setup and results. Chapter 7 discusses these results, along
with their limitations and societal implications. Finally, Chapter 8 concludes the thesis and suggests
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directions for future work.



2
Background

This chapter details the concepts that are relevant to this thesis. It is split into four key sections. First,
we provide some context about tree-based models and XGBoost in particular. Second, we give some
broad information on the XAI field and the performance-explainability tradeoff. Third, we discuss the
use of post-hoc explainers such as SHAP and LIME on MLmodels. Finally, we examine the capabilities
and limitations of LLMs related to explainability.

2.1. Tree-based models and XGBoost
In this thesis, we investigate when LLMs can align with feature importance rankings produced by post-
hoc explainers. For this task, we chose a widely used class of predictive models: gradient-boosted
decision tree ensembles, and XGBoost in particular. This section introduces this model family and
motivates its use for this thesis.

Explained briefly, tree-based models work by splitting the feature space into different sections and
assigning predictions to each section (Chen & Guestrin, 2016; Ke et al., 2017). This type of model
is composed of building blocks called decision trees. A single tree is easy to interpret but is very
prone to overfitting. As a consequence, ensemble methods were created to mitigate this. They work
by combining many such trees in different ways. Gradient boosting models, in particular, build trees
sequentially so that new trees can correct the errors of old ones. While this setup is able to reach a
good level of predictive performance, it also creates difficulties in explaining why the model made a
certain decision.

For this study, we chose to investigate XGBoost, which is among the most popular implementations
of gradient-boosted tree models. XGBoost (eXtreme Gradient Boosting) (Chen & Guestrin, 2016) is
a highly optimized implementation of gradient-boosted decision trees, which has been proven to be
applicable in a wide range of domains. It can be considered the state of the art for both classifica-
tion, where the goal is to predict a discrete label, and regression tasks, where the goal is to predict a
continuous value (Grinsztajn et al., 2022; Shwartz-Ziv & Armon, 2021) on tabular data. This model,
unfortunately, has the downside of acting like a black box, requiring a separate explanation tool for
properly understanding the most relevant factors contributing to its outputs, which is why it was chosen
for this thesis.

2.2. The XAI field and the performance-explainability tradeoff
AI systems have evolved from easily interpretable expert-based decision systems, which are explain-
able by design, to relatively complex models such as neural networks and ensemble systems (e.g.,
XGBoost). This shift has introduced the need for smarter, more robust explanation mechanisms for ML
models. In response, the XAI field has expanded greatly over recent years, with systematic reviews
showing an increase in the number and diversity of novel explanation methods (Abusitta et al., 2024).

The aforementioned growing need for explanation methods is also expressed through the existence
of a tradeoff between predictive performance and model explainability (Adadi & Berrada, 2018). More
explainable models, such as decision trees or linear regression, are believed to be unable to capture
more complex relationships in the data due to their inherent simplicity, which limits their performance.

4



2.3. SHAP and LIME 5

At the other end of the spectrum, more complex models, such as deep neural networks, are be-
lieved to be able to capture non-linear relationships hidden in the data, achieving better overall accu-
racy. As a consequence of this tradeoff, the models most likely to be used because of their superior
performance are also the least explainable. These ‘black-box’ models are typically uninterpretable by
humans without the use of additional tools (Guidotti et al., 2018). Gradient-boosted decision trees are
a good example of this.

2.3. SHAP and LIME
This section introduces SHAP and LIME, which are considered the two reference baselines against
which agreement is evaluated. Post-hoc explainers, in general, can be applied after the model has
been trained to help provide more information about why a certain prediction was made. In practice,
this is useful because they can be applied to any model without directly modifying it. SHAP and LIME
are currently two of the most commonly used post-hoc explanation methods for tabular data (Gramegna
& Giudici, 2021).

2.3.1. SHAP
SHAP (SHapley Additive exPlanations) (Lundberg & Lee, 2017) was created by taking inspiration from
game theory. It starts by asking how much a specific collaborative ‘player’ (the feature) contributed
to the ‘outcome’ (the prediction). The Shapley value 𝜙𝑖 of a feature 𝑖 is the weighted average of the
change in the model’s expected output when feature 𝑖 is added to each possible subset of the other
features.

𝜙𝑖 = ∑
𝑆⊆𝐹∖{𝑖}

|𝑆|!(|𝐹| − |𝑆| − 1)!
|𝐹|! [𝑓𝑥(𝑆 ∪ {𝑖}) − 𝑓𝑥(𝑆)] (2.1)

where:

• 𝜙𝑖 is the Shapley value (feature attribution) of feature 𝑖.

• 𝐹 is the complete set of all input features, with |𝐹| denoting its cardinality.

• 𝑆 is a subset of features drawn from 𝐹 after excluding feature 𝑖 (𝑆 ⊆ 𝐹 ∖ {𝑖}), with |𝑆| representing
its size.

• 𝑓𝑥(𝑆) is the expected output of the model conditioned on the subset of features 𝑆.

• |𝑆|!(|𝐹|−|𝑆|−1)!
|𝐹|! is a combinatorial weighting factor equal to the probability that, in a random ordering

of all features, exactly the features in 𝑆 appear before feature 𝑖.
The sum in Equation 2.1 runs over every subset of features, making exact Shapley values expo-

nentially expensive to compute. For tree-based models specifically, TreeSHAP (Lundberg et al., 2019)
offers an efficient implementation built directly into XGBoost. It exploits the tree structure to obtain
the same values in polynomial time, scaling with the size of the ensemble rather than the number of
features. However, for SHAP to function properly, feature independence is assumed. When features
are correlated, they can split the credit for a shared contribution, which artificially lowers each feature’s
importance.

2.3.2. LIME
LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016) is a model-agnostic ex-
plainer and represents an alternative to SHAP. To explain a single prediction, it first generates a new
dataset of perturbed samples around the instance of interest and records the black-box model’s predic-
tions for them. Each sample is then weighted by its proximity to the original instance, so that nearby
samples have more influence. Finally, LIME fits a simple, interpretable surrogate model (typically a
sparse linear model) on this weighted dataset. The coefficients of this surrogate model serve as the
feature importance scores for that instance.

𝜉(𝑥) = argmin
𝑔∈𝐺

ℒ(𝑓, 𝑔, 𝜋𝑥) + Ω(𝑔) (2.2)
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where:

• 𝜉(𝑥) is the resulting local post-hoc explanation model for instance 𝑥.

• 𝑓 is the complex black-box model being explained.

• 𝑔 is an intrinsically interpretable model (e.g., sparse linear regression) selected from a family of
simple models 𝐺.

• ℒ(𝑓, 𝑔, 𝜋𝑥) is the local loss function measuring how unfaithful the surrogate model 𝑔 is to the
black-box model 𝑓.

• 𝜋𝑥 is a proximity kernel defining the size of the local neighborhood around the target instance 𝑥.

• Ω(𝑔) is the complexity penalty of the explanation model 𝑔 (e.g., a regularization term limiting the
number of non-zero coefficients) to ensure human interpretability.

Both methods have practical and conceptual limitations worth acknowledging. First, both require
either direct access to model internals (e.g., TreeSHAP) or the ability to query the model repeatedly
at scale (LIME), making them unsuitable in settings where the model is proprietary or inaccessible.
Second, both are technically demanding to configure and interpret correctly for non-expert users, which
limits their use in operational settings without dedicated ML support. Third, and also relevant for this
work, SHAP and LIME do not always agree with one another (Krishna et al., 2025). In this thesis, both
are used as reference baselines rather than gold standards, and alignment with either can be treated
as evidence of relevance.

A growing number of works have begun exploring a route to explainability that avoids the earlier-
mentioned access requirements by using the reasoning and world knowledge of LLMs to produce
human-like explanations (Bilal et al., 2025).

2.4. Large Language Models for explainability
LLMs are deep learning models based on the transformer architecture, which enables them to capture
long-range dependencies and complex relationships within textual data. They are capable of generat-
ing and summarizing text based on knowledge gained from training on massive datasets (Zhao et al.,
2025). LLMs are also general-purpose systems, so they apply the patterns they learn to previously
unseen problems and tasks. Over the past few years, the capabilities of these models have improved
massively (Minaee et al., 2025; Wei et al., 2022). Today, these models exhibit abilities that extend
beyond simple text processing, demonstrating the capacity to write computer code, reason with com-
mon sense, and perform a wide array of other complex cognitive tasks (Kojima et al., 2023). Chapter
3 describes how these capabilities have been used for explainability.

However, LLMs also have drawbacks, two of which are particularly relevant to this work. First,
LLMs tend to “hallucinate”, that is, confidently present untrue information as fact (Ji et al., 2023). In
the context of explainability, this means an LLM may produce a plausible-sounding explanation that
does not reflect the model’s actual behavior. Second, LLM outputs are stochastic: the exact same
prompt can produce different outputs across runs. This poses a problem for explainability, as we would
want LLM-generated explanations to be as consistent as possible for the same input. To mitigate
this, we reduce the stochasticity of the model’s outputs in our experiments as much as possible, with
further details provided in Chapter 5. Hallucinations, however, are not resolved by this and remain a
fundamental limitation of the technology that cannot be completely eliminated.



3
Related Work

Recently, a growing body of literature has begun exploring the intersection of LLMs and explainable AI,
including reviews of the practice and future directions (Bilal et al., 2025; Zytek, Pidò, & Veeramacha-
neni, 2024). Within this space, researchers are using LLMs not only to directly explain ML model
predictions (Kroeger et al., 2024), but also to improve explanations created using established XAI al-
gorithms or to create XAI frameworks centered around LLMs (Bhattacharjee et al., 2024; Naudot et al.,
2025; Paraschou et al., 2026).

In this chapter, we will examine three approaches that have been used to include LLMs in the
explanation pipeline. We first address the use of LLMs as narrators for other explainers. Then, we
consider LLMs being used for the upstream task of feature selection before a model is trained. Finally,
we consider LLMs in the role of a complete post-hoc explainer, which is the focus of this thesis.

3.1. LLM as narrator
Due to the textual capabilities of LLMs, an intuitive approach to involving them in ML explanations is to
include the output of a traditional post-hoc explainer, such as SHAP or LIME, in their prompt (Lukassen
et al., 2026). This methodmainly aims to reduce the complexity of numerical explanations by translating
them into a more natural textual explanation. This is done to facilitate the understanding of opaque ML
systems for human decision-makers.

For example, Zytek, Pidò, Alnegheimish, et al. (2024) create Explingo, a system that generates
natural language explanations using SHAP explanations as a base. This system is then evaluated
according to several criteria, such as accuracy, fluency, and conciseness. This shows that LLMs can
work with feature attributions to improve explainability. Whereas Explingo evaluates the quality of the
generated text, Paraschou et al. (2026) propose a novel XAI framework that prompts LLMs using LIME
explanations and contextual, domain-relevant information, validated in a user study. This style of ex-
planation can result in improved readability and ease of understanding for the end-user.

However, this type of framework is still dependent on the output of a traditional post-hoc explainer.
The LLM is only tasked with the presentation of the feature importance values. This raises the question
of whether an LLM could estimate feature importances by itself, which is what the work on feature
selection presented in the next section explores.

3.2. LLM for feature selection
Due to LLMs’ proficiency in working with textual data, another possibility for using them earlier in the ML
pipeline is during the feature selection process. Feature selection is the process of choosing, before
training, the features most likely to contribute useful information to a model.

Li et al. (2024) compare textual and data-driven LLM feature selection methods and find that LLM
text-driven feature selection methods are comparable to traditional feature selection methods (mutual
information filtering, Recursive Feature Elimination, and Minimum Redundancy Maximum Relevance
selection). This comparison resembles the one in this thesis, except that we evaluate feature impor-
tance rankings for an already-trained model rather than feature selection.

7
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On a related note, Jeong et al. (2025) also use LLMs to select features for training ML models. Their
methodology involves giving no actual feature values to the LLM, only providing it with a description
of the dataset and the names of all features. After comparing LLM scores against several feature
importance metrics (Spearman correlation, mutual information) and attributions produced by a post-
hoc method (SHAP), they find that LLM importance scores do not consistently align closely with any
of them. However, they do note that alignment improves with model scale. The scores they obtain
are global and prediction-independent, elicited before any model exists, whereas a post-hoc explainer
needs an already-trained model. The task, therefore, remains one of feature selection rather than
explanation. These findings are relevant for this thesis as they show that LLMs are capable of creating
and using a functional concept of feature relevance using only feature names and task descriptions.
The authors also note that LLMs could help in the data collection process by deciding which features
to collect first.

Jeong et al. (2025) also propose that an interesting future research direction would be to investi-
gate which, if any, prompting strategies increase the alignment of LLM-generated importance scores
with desired notions of importance. Our work aims to answer a closely related question: rather than
estimating feature relevance before model training, could an LLM approximate this after the model has
been trained?

3.3. LLM as post-hoc explainer
A third approach uses the LLM itself as the post-hoc explainer: given a trained model’s inputs and
predictions, the LLM is asked to estimate which features drove those predictions. This LLM-based
approach differs fundamentally from traditional post-hoc techniques. Because an LLM does not have
access to the internal structure, weights, or training process of the predictive model, it cannot compute
mathematically grounded attribution scores. Instead, it must infer which features are likely to have
influenced the prediction by relying on the examples it is shown and on the general statistical intuition
and domain knowledge it learned during its training. Consequently, LLM-generated feature importance
is an inferred estimate rather than a measurement of the model’s actual behavior.

Our work builds directly on the findings of Kroeger et al. (2024), who explore whether LLMs can
approximate feature importance rankings for predictive models. The authors show that when given just
a few examples of a model’s inputs and outputs, an LLM can rank features with an accuracy comparable
to established post-hoc methods like SHAP and LIME across various datasets and metrics.

Although Kroeger et al. (2024) show that LLM-generated rankings are similar to those produced by
SHAP and LIME, they do not consider under what conditions this alignment increases. Additionally,
their experiments only examine small binary classification datasets, and, by design, their approach
limits the information provided to the LLM by anonymizing feature names.

3.4. Research gap
Taken together, these lines of work leave an open question. Narrator approaches depend on the output
of an existing explainer, and feature selection approaches estimate relevance globally before anymodel
is trained, so neither tests whether an LLM can act as a post-hoc explainer itself. Kroeger et al. (2024)
show that such alignment is possible, but leave open when it occurs. In particular, it remains unclear
how the information given to the LLM (feature names and task context, perturbed samples, or both), the
characteristics of the dataset (task type and dimensionality), and the choice of LLM affect agreement
with SHAP and LIME. This thesis addresses this gap by comparing text-driven, data-driven, and a novel
mixed neighbors prompting approach, using two LLMs, on XGBoost models trained on three datasets
spanning regression, multi-class classification, and binary classification. In doing so, it also contributes
to the question raised by Jeong et al. (2025) of which prompting strategies improve the alignment of
LLM-generated importance scores.



4
Methodology

We examine the classic ML setup where we have a black-box model trained on a labeled dataset,
with no access to the model internals or learned parameters. We assume, however, full access to the
dataset, including feature names and values, as well as some descriptive context (e.g., a data card from
Kaggle). Under these assumptions, we investigate whether an LLM can produce a feature importance
ranking for a given data point that aligns with the rankings produced by traditional post-hoc attribution
methods that have direct model access.

The proposed workflow, illustrated in Figure 4.1, consists of four distinct stages: (1) training a predic-
tive model on each dataset, (2) generating baseline feature importance values using SHAP and LIME,
(3) asking for feature rankings from an LLM in different ways, and (4) comparing the results quantita-
tively using the defined metrics. In Stage 3, the methodology compares three distinct approaches to
creating LLM-generated feature importance rankings based on different principles: text-driven (shown
in blue; adapted from Jeong et al., 2025), data-driven (shown in yellow; based on Kroeger et al., 2024),
and a novel mixed neighbors approach introduced in this thesis, based on the neighborhood of the
target (shown in red). Each approach is applied to every data sample, and the three appear as paral-
lel branches within Stage 3 in Figure 4.1. The text-driven and data-driven approaches consist of two
separate prompt templates each, while the mixed neighbors approach uses a single prompt template.

For this thesis, we focus on local feature attributions. This is because it can be argued that explaining
individual predictions is the main use case for post-hoc explainers for end-users. It should be noted
that using a ranking discards some information (e.g., two features having very similar importance but

Figure 4.1: Process flowchart of the methodology, labeled with the four stages described above. Stage 3 is labeled once but
covers all three colored branches: data-driven (yellow), text-driven (blue), and mixed neighbors (red). The rankings produced
by each branch are compared against the same SHAP and LIME reference rankings in Stage 4.

9



4.1. Assumptions 10

being assigned distinct rankings). This is an inherent limitation of using ranking-based evaluations and
will be further discussed in the Discussion chapter.

4.1. Assumptions
The proposed methodology operates under some assumptions about the datasets. While these as-
sumptions are not always made explicit in the literature, they are implicitly present in the experimental
designs of both Kroeger et al. (2024) and Jeong et al. (2025). We state them here to make the scope
and applicability of the methodology more transparent.

1. Semantically meaningful feature names are required for the text-driven methods to function prop-
erly, as they heavily rely on the LLM’s domain knowledge. This is a critical requirement, as it is
the only way to give the LLM any meaningful information about the dataset and the model for the
text-driven approaches.
This is more relevant for the text-based approach adapted from Jeong et al. (2025), who use
datasets with informative and well-understood variable names and descriptions and also address
this in their work. This means the dataset selection for this thesis cannot include visual, audio, or
unprocessed categorical data.

2. The datasets are assumed to consist of numerical features. Although SHAP and LIME are both
capable of dealing with categorical features, our chosen prompting approaches are not designed
to cope with them. Jeong et al. (2025), for example, address this problem by one-hot encoding
categorical features and grouping the resulting columns into a single feature. We mainly focus on
datasets with only numerical columns and encode binary flag columns from Taiwan Bankruptcy
Prediction to either 0 or 1 and treat them as numerical features.

3. A low to medium number of features (a maximum of 20 to 25 features after preprocessing) is also
a significant requirement. These methods can be applied to larger datasets only if proper pruning
and preprocessing drastically reduce the number of features first.
Both Kroeger et al. (2024) and Jeong et al. (2025) either use datasets with fewer than 15 features
or preprocess them to dramatically decrease their dimensionality (grouping multiple features into
‘concepts’ for the latter). We used the Taiwan Bankruptcy Prediction dataset specifically to test
performance near the upper end of this range.
The Taiwan Bankruptcy Prediction dataset was pruned to 20 features after exploratory testing
when creating the pipeline found that having around 25 or more features caused both LLMs to
output malformed rankings.

4.2. Prompting approaches
To generate feature importance rankings for a specific data sample, we prompt the LLM in three different
ways: two families adapted from previous work, data-driven and text-driven, and a novel mixed
neighbors prompt that combines elements of both. The motivation and design of each are described
below.

4.2.1. Data-centric prompts
Both prompts in this family contain the following components: Context of the predictive model, the
Dataset, which is a collection of instances sampled from the local neighborhood of the target data
point, the Question, which specifies the task the LLM needs to complete, and the Instructions, which
contain a set of rules the LLM must follow while generating its response. The component terminology
and its role in the design of the prompts are directly inherited from the original paper (Kroeger et al.,
2024) for consistency.

P-ICL (Perturb In-Context Learning) combines these four components without any new additions.
PG-ICL (Perturb + Guide In-Context Learning) replaces the general guidance in the Instructions

component with a more detailed, dataset-agnostic, step-by-step procedure. For example, the model is
instructed to consider both positive and negative correlations equally and to keep a running rank of the
order of the features.
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These types of prompts also obscure feature names from the model, instead giving generic feature
labels for all datasets (e.g., ‘A’, ‘B’, ‘C’, etc.). This is done in an effort to make the language model
focus on the feature values, the relationship between them, and how these shift the prediction. This
design choice is also meant to reduce the influence of semantic information of the feature names. We
hypothesize that LLMs would perform better on low-dimensional datasets.

4.2.2. Text-centric prompts
The text-driven prompts were originally designed by Jeong et al. (2025) for feature selection, to choose
features for training a downstream model. We adapted these templates to the task of ranking the
features that contributed to a prediction after a model has been trained. Although feature selection and
post-hoc feature ranking are not the same task, they share similarities, such as estimating the predictive
power of each feature relative to the others. LLM-Score and LLM-Rank are the best-performing prompts
from Jeong et al. (2025), and both were designed to take advantage of the LLM’s semantic knowledge
by providing it with feature names and the goal of the ML task.

LLM-Score elicits an importance score for each feature in the dataset, where a high score indicates
that the feature meaningfully contributed to the prediction, along with a reason for each score (in JSON
format). The generated scores range from 0 to 1, and the feature ranking is obtained by sorting these
scores.

LLM-Rank prompts the LLM for a complete ranking of input features, in order of prediction impor-
tance.

The text-driven approach is likely to excel on datasets where feature names are very descriptive
and values are easy to understand. We hypothesize that this approach could produce rankings that
reflect general domain knowledge and are thus less specific to the individual prediction.

4.2.3. Mixed neighbors approach
We introduce a novel approach that aims to combine the strengths of the text-driven and data-driven
approaches in one prompt template. Like the text-driven prompts, it retains the feature names and the
description of the prediction task. Like the data-driven prompts, it provides the LLM with input-output
pairs from the target’s local neighborhood. However, instead of synthetic perturbations of the target, it
uses real samples from the training data: four nearby training samples selected by k-nearest-neighbor
search, two with the same prediction as the target and two with a different one (for regression, two
with a higher and two with a lower predicted value). The motivation behind this design is to let the
LLM examine the real local neighborhood of a specific data sample, including contrasting predictions,
while still using feature names. The exact wording of each prompt type can be found in Appendix A,
demonstrated on a sample from the Wine Quality dataset.



5
Experimental Setup

In this chapter, we present concrete implementation details and design choices for applying the method-
ology of each approach to the selection of datasets. We test five prompt templates from three ap-
proaches (two prompt families and the mixed neighbors approach) on three datasets for different tasks
(binary classification, multi-class classification, and regression). For this, we use two open-weights
LLMs from two families with different architectures. We then compare the results quantitatively using
two metrics described in Section 5.4.

5.1. The Datasets

Dataset Domain Task Target Instances Features
Wine Quality Wine Multi-class classification Quality rating 1,599 11
California Housing Real estate Regression Median house value 20,640 8
Taiwan Bankruptcy Finance Binary classification Bankrupt or not 6,819 20 (of 95)

Table 5.1: Overview of the three datasets. For Taiwan Bankruptcy Prediction, the 95 original features were pruned to the 20
used in the experiments, and only 220 of the 6,819 companies are bankrupt.

Three datasets were chosen as the basis for the experimental design, covering a range of domains,
dimensionalities, and task types: Wine Quality (Cortez et al., 2009a, 2009b) (red wine subset, 11
features, multi-class classification), California Housing (Pace & Barry, 1997) (8 features, regression),
and Taiwan Bankruptcy Prediction (Liang et al., 2016; “Taiwanese Bankruptcy Prediction”, 2020) (95
features, pruned to 20, binary classification). Table 5.1 gives an overview. All three have semantically
meaningful feature names and are mostly numerical, allowing the LLM to use its domain knowledge.

5.1.1. Wine Quality
The Wine Quality dataset is a multi-class classification dataset. It is a UCI dataset collected from
red and white vinho verde wine samples from northern Portugal, where the goal is to predict a wine’s
quality rating from its physicochemical measurements (e.g., acidity, density). The dataset contains
1599 samples and 11 features. The target variable of this dataset has a bell-shaped distribution, with
a concentration on average-quality wines (e.g., 5 and 6). Outlier wines, such as high-quality and low-
quality ones, are underrepresented in comparison. The quality ratings start at 3 and end at 8, giving
six classes, which are encoded as 0 to 5 for training.

5.1.2. California Housing
The goal of this dataset is to predict the median housing price of a US Census block group (the smallest
geographical unit for which the US Census Bureau publishes sample data, usually with a population of
600 to 3000 people) in California, based on data collected from the 1990 US Census. This dataset has
8 features, 20640 data points, and is a regression dataset. The mean house value of the dataset is
$207,000 and ranges from $15,000 to $500,000. The target distribution is unimodal, with a right skew

12
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and a spike at the right end. This is because properties worth more than $500,000 were capped at this
value.

5.1.3. Taiwan Bankruptcy Prediction
This dataset is a binary classification dataset, and the goal is to predict whether a company will go
bankrupt based on its financial data. The data were collected from the Taiwan Economic Journal for the
years 1999 to 2009. Company bankruptcy was defined based on the business regulations of the Taiwan
Stock Exchange. The dataset has 95 features and 6,819 instances. The dataset is heavily imbalanced:
only 220 of the 6,819 companies are bankrupt. It was chosen due to its high dimensionality, which is
expected to be more difficult for an LLM to deal with. Because of the large number of features, we
constructed a pruned variant of 20 features using predictive power and tree-based importance criteria
(see Appendix B).

5.2. ML Model
A supervised XGBoost model was trained on each of the three datasets. As mentioned in the Back-
ground chapter, this specific type of model was chosen because of its strong predictive performance
and because it is a complex black-box model where post-hoc explainers are usually applied. The train-
ing and test sets were created using an 80-20 train-test split with a fixed seed for reproducibility. Hyper-
parameter tuning was conducted using 3-fold cross-validation on the training set. The explored hyper-
parameters included maximum tree depth, learning rate, number of estimators, subsampling ratio, and
column sampling ratio. The best-performing configuration was selected according to cross-validated
accuracy for Wine Quality, F1 for Taiwan Bankruptcy Prediction, and MSE for California Housing.

We then applied SHAP and LIME to each XGBoost model, focusing on local (instance-level) feature
attribution. Using both methods allows us to assess whether LLM alignment is consistent across differ-
ent approaches. Absolute values were used, as the magnitude reflects contribution strength regardless
of the sign. For SHAP, the TreeSHAP implementation (Lundberg et al., 2019) was used. For LIME, we
generated the explanations using the default setting of 5000 perturbations per instance.

Both methods were used, as they are known to disagree with each other depending on the dataset
and model. This makes each of them an independent baseline instead of choosing one and having it
be the absolute gold standard. A more detailed comparison of the agreement of SHAP and LIME can
be found in Table 5.2.

A feature ranking was created according to each explainer for 100 test instances per dataset: the
first 100 for California Housing and Wine Quality, and a stratified sample of 40 positive and 60 negative
instances for Taiwan Bankruptcy Prediction, to compensate for its heavy class imbalance. This num-
ber was chosen because it is large enough to produce stable average metric scores while remaining
feasible given computational, time, and API cost constraints.

We evaluated the best-performing XGBoost models on the complete test sets. For the regression
task on California Housing, the model achieved a strong predictive performance with an 𝑅2 of 0.847
(MSE: 0.201, RMSE: 0.448, MAE: 0.294, in units of $100,000). For the multi-class classification on
Wine Quality, the model reached an accuracy of 0.707 and a weighted F1-score of 0.694. Finally, for
the binary classification on Taiwan Bankruptcy Prediction, the model achieved an AUROC of 0.953 and
an F1-score of 0.552; accuracy (0.950) is uninformative here due to the class imbalance.

5.3. LLM Choice & Implementation Details
After testing with several LLMs, we used Gemma 4 (31B) (Google DeepMind, 2026) and GPT-OSS
(120B) (OpenAI, 2025) accessed through the OpenRouter API. They were chosen as both are open-
weights, instruction-tuned LLMs that can follow instructions well. In keeping with the access-restricted
motivation of the study, the LLMs are never given the model’s weights, access to the internal structure,
or explicit SHAP/LIME values. The LLMs used were also not fine-tuned on any of the datasets in any
way.

We provide all the prompt templates used in our experiments in Appendix A. Five prompt templates
were used, including two data-centric prompts that provide the LLM with perturbed input and output
pairs, two text-based prompts that rely more on domain context, and a novel mixed neighbors tem-
plate. Branching from these prompt types, small modifications were made to improve parsing and
performance, such as updating output instructions and adding more dataset-specific context and ex-
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amples. The prompts were also adapted to the task of generating rankings if they initially contained
different instructions.

The local neighborhoods of data points shown to LLMs (used in data-centric prompt templates) were
built by perturbing all features of the original data sample with Gaussian noise. All feature values were
perturbed within a standard deviation around the mean. This keeps the perturbed instances relatively
consistent with the original sample and the original feature distribution. For each instance, 10,000
perturbed versions are generated, and only 16 are selected. For the classification datasets, selection
is stratified over the predicted classes for a better representation of the model’s prediction process, and
within each class, the samples with the highest predictive confidence are selected to better align the
LLM with the model’s behavior. For California Housing, which has a continuous output, stratification by
class is not possible. Instead, the range of predicted values over the 10,000 perturbations was divided
into 16 equal-width brackets, and from each bracket, the sample whose predicted value is furthest from
the target instance’s prediction was selected. This spreads the selected samples across the full range
of the model’s outputs, mirroring the role of class stratification in the classification setting.

For the mixed neighbors prompt template, four examples are used from the local neighborhood of
the target, selected using k-nearest-neighbor search under Euclidean distance from the training set.
They are further divided into two groups, one group with the same predicted class as the target sample,
and another group with a different predicted class from the target (for California Housing, which is a
regression task, the split is instead between neighbors with a higher and a lower predicted value than
the target). Four examples were used after exploratory testing while building the pipeline revealed that
larger numbers of examples did not improve the results.

As mentioned earlier, in order to reduce stochastic variability, the LLM was queried with the temper-
ature set to 0.

5.4. Evaluation metrics
Evaluation was conducted for each setup across the same 100 test instances from each dataset. Metric
scores were computed per instance first, and themean across all 100 instances was calculated to obtain
overall alignment measures. To further account for the stochasticity inherent in LLMs, each experiment
was run three times, and the results reported represent the mean across runs. For the evaluation, we
used two metrics to measure the agreement and similarity between the methods:

• Top-𝑘 overlap, computed for each 𝑘 from 1 to |ℱ|, measures whether two methods agree on
which features matter most, regardless of their order within the top 𝑘. Let 𝐴𝑘 and 𝐵𝑘 be the sets
of the 𝑘 highest-ranked features under the two methods. The top-𝑘 overlap is

𝑂𝑘 =
|𝐴𝑘 ∩ 𝐵𝑘|

𝑘 , (5.1)

the fraction of the top 𝑘 features that both methods share. It reaches 1 at 𝑘 = |ℱ|, and its expected
value for a random ranking is 𝑘/|ℱ|.

• Spearman’s Rank Correlation is used to measure the correlation between the rankings, where
+1 indicates identical orderings, 0 indicates no monotonic relationship, and −1 signals a perfectly
reversed ordering. It is computed as 𝜌 = 1− 6∑𝑖 𝑑2𝑖

𝑛(𝑛2−1) , where 𝑑𝑖 is the difference in rank assigned
to feature 𝑖 by the two methods and 𝑛 = |ℱ|. Due to the squaring of the differences, large
misplacements of a single feature are penalized more than a few smaller ones.

Even when explaining the same model, SHAP and LIME agree to very different degrees across
datasets, as shown in Table 5.2. On California Housing, they reach a 0.772 Spearman correlation,
while on Wine Quality, they only manage 0.226. This suggests that we should not treat either of them
individually as ground truth. A correlation close to how LIME is correlated with SHAP can be considered
an acceptable level of performance for that dataset.

The results of this evaluation are presented and interpreted in the Results and Discussion chapters.
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Table 5.2: Agreement between SHAP and LIME on the same XGBoost model, over the same 100 test instances. These values
serve as a reference point against which LLM-generated rankings are judged.

Dataset Spearman Top-5 Overlap
California Housing 0.772 85.2%
Taiwan Bankruptcy 0.414 54.4%
Wine Quality 0.226 56.4%



6
Results

In this chapter, we showcase the quantitative comparison of agreement between LLM-generated fea-
ture importance scores and traditional post-hoc local explainers (SHAP and LIME) over three datasets
for the metrics proposed in Section 5.4. Every setup was processed on the same 100 test instances
for each dataset, and the metrics were computed per instance and averaged over all instances. Addi-
tionally, every experiment was repeated three times to account for the inherent stochasticity of LLMs.
Unless stated otherwise, reported values are means over the three runs, and ± denotes the standard
deviation across runs. Throughout, the agreement between SHAP and LIME themselves (Table 5.2)
serves as the point of reference.

First, we present the findings of alignment based on top-𝑘 overlap. Then we compare ranking
similarity according to Spearman correlation. Finally, we aggregate the per-instance averages a second
time: first across the two LLMs to isolate the contribution of the prompt template, then across the five
prompt templates to isolate the contribution of the LLM.

6.1. Alignment by top-𝑘 overlap
In this section, we examine how well the setups can align with SHAP and LIME on the most predictive
features, regardless of their order within the top 𝑘. A random expectation baseline, representing the
top-𝑘 overlap if features were chosen at random (𝑘/|ℱ|), is also included in the graphs in this section,
along with an alternative SHAP/LIME baseline. More precisely, when comparing the LLM’s alignment
to SHAP the alternative baseline represents LIME’s alignment to SHAP. Conversely, when the LLM
is evaluated against LIME, the alternative baseline is SHAP. This was included in the graph to add a
realistic point of reference for the LLM’s performance. It shows how closely two established explainers
of the same model agree, and therefore what level of agreement is attainable on each dataset. The
values for 𝑘 = 1 to 5 are listed in Appendix C.

6.1.1. California Housing
On California Housing, SHAP and LIME rank the same feature first in 68.0% of the instances and share,
on average, 74.7% of their top-3 features (Figure 6.1).

Five of the six setups that include feature names reach this level of agreement on the top three
features, but not on the top feature. The four text-driven setups and mixed neighbors with Gemma
have a top-3 overlap between 74.7% and 76.4% with SHAP and between 77.4% and 79.3% with LIME,
which matches or exceeds the 74.7% overlap between SHAP and LIME. Mixed neighbors with Gemma
has the highest overlap of all setups at 𝑘 = 4 and 𝑘 = 5 against both references (81.5% and 84.5%
against SHAP), close to the overlap between SHAP and LIME (84.8% and 85.2%). With GPT-OSS,
the same template stays well below the other setups with feature names at 𝑘 = 2 and 𝑘 = 3 (59.3%
against SHAP and 58.1% against LIME at 𝑘 = 3). At 𝑘 = 1, however, the setups with feature names
rarely select the reference’s top feature. In 11 of the 12 comparisons, they do so less often than a
random ranking would (12.5%). The text-driven setups select SHAP’s top feature in 8.0% to 9.3% of
the instances and LIME’s in 0.0% to 1.3%. The only exception is mixed neighbors with Gemma against
SHAP (13.3%).
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The data-driven setups show the opposite pattern. PG-ICL with Gemma has the highest top-1 over-
lap of all setups (35.0% against SHAP, 38.0% against LIME), about half of the agreement between
SHAP and LIME, but its top-3 overlap (45.9% and 52.0%) stays below that of every setup with fea-
ture names. The other three data-driven setups remain within 8.2 percentage points of the random
expectation for all 𝑘 ≤ 5.

Figure 6.1: California Housing: top-𝑘 overlap between LLM-generated feature rankings and the reference rankings. Left: against
SHAP. Right: against LIME. Solid lines show the mean over three runs, and shaded areas span the best- and worst-performing
runs. The alternative baseline is the overlap between SHAP and LIME themselves (LIME in the left panel, SHAP in the right
panel). The random expectation (𝑘/|ℱ|) is the overlap expected from a random ranking.

6.1.2. Wine Quality
OnWine Quality, SHAP and LIME agree less. They rank the same feature first in 50.0% of the instances
and share, on average, 54.7% of their top-3 features (Figure 6.2).

Against SHAP, eight of the ten setups exceed this top-3 overlap. The exceptions are P-ICL and PG-
ICL with GPT-OSS (45.7% and 46.6%). The text-driven setups reach the highest values: LLM-Rank
has a top-3 overlap of 91.0% with both LLMs, and LLM-Score with GPT-OSS 81.4%. For these three
setups, the overlap peaks at 𝑘 = 3 and decreases at 𝑘 = 4 and 𝑘 = 5, which produces the spike in
the left panel of Figure 6.2. At 𝑘 = 1, however, no setup matches SHAP’s top feature as often as LIME
does. The highest top-1 overlap with SHAP is 38.7% (LLM-Score with GPT-OSS), compared to 50.0%
for LIME.

Against LIME, the setups stay closer to the alternative baseline than they do against SHAP for 𝑘 = 3
to 5. At 𝑘 = 5, their overlap ranges from 49.9% to 58.1%, compared to 56.4% for SHAP. LLM-Rank
with GPT-OSS is the only setup that selects LIME’s top feature more often than SHAP does (61.0%
compared to 50.0%), and LLM-Score with GPT-OSS matches SHAP (50.0%), whereas LLM-Rank with
Gemma does so in 24.0% of the instances. Against both references and for all 𝑘 ≤ 5, every setup
stays above the random expectation.

6.1.3. Taiwan Bankruptcy Prediction
On Taiwan Bankruptcy Prediction, SHAP and LIME rank the same feature first in only 27.0% of the
instances, compared to 68.0% and 50.0% on the other two datasets, and share, on average, 48.0% of
their top-3 features (Figure 6.3).

From 𝑘 = 2 to 𝑘 = 5, every setup stays below the alternative baseline against both references.
Within this range, the two data-driven setups with Gemma have the highest overlap at every 𝑘 against
both references. At 𝑘 = 3, PG-ICL and P-ICL with Gemma reach 35.1% and 34.6% against SHAP and
40.3% and 39.6% against LIME, compared to 48.0% between SHAP and LIME. At 𝑘 = 1, the same
two setups select LIME’s top feature more often than SHAP does (37.3% and 34.3%, compared to
27.0%) and SHAP’s top feature nearly as often as LIME does (24.7% and 23.7%). Mixed neighbors
with GPT-OSS has the highest top-1 overlap with SHAP (26.7%).
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Figure 6.2: Wine Quality: top-𝑘 overlap between LLM-generated feature rankings and the reference rankings. Left: against
SHAP. Right: against LIME. Solid lines show the mean over three runs, and shaded areas span the best- and worst-performing
runs. The alternative baseline is the overlap between SHAP and LIME themselves (LIME in the left panel, SHAP in the right
panel). The random expectation (𝑘/|ℱ|) is the overlap expected from a random ranking.

The text-driven setups almost never select the reference’s top feature. In three of the four text-
driven setups, the top-1 overlap is below 1% against SHAP and below the random expectation of 5%
against LIME, and LLM-Rank with Gemma does not match LIME’s top feature in any instance at either
𝑘 = 1 or 𝑘 = 2. Only LLM-Score with GPT-OSS exceeds the random expectation at 𝑘 = 1 (9.0%
against SHAP, 12.0% against LIME). At 𝑘 = 4 and 𝑘 = 5, all text-driven setups exceed the random
expectation against both references.

Mixed neighbors with Gemma varies strongly between runs (e.g., ±9.2 percentage points at 𝑘 = 1
against SHAP) and, against LIME, stays close to the random expectation for every 𝑘 ≤ 5 (7.7, 10.5,
14.3, 19.8, and 23.9%, compared to 5, 10, 15, 20, and 25%).

Figure 6.3: Taiwan Bankruptcy Prediction: top-𝑘 overlap between LLM-generated feature rankings and the reference rankings.
Left: against SHAP. Right: against LIME. Solid lines show the mean over three runs, and shaded areas span the best- and
worst-performing runs. The alternative baseline is the overlap between SHAP and LIME themselves (LIME in the left panel,
SHAP in the right panel). The random expectation (𝑘/|ℱ|) is the overlap expected from a random ranking.
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6.2. Alignment by Spearman
This section compares the full rankings using Spearman correlation. Tables 6.1, 6.2 and 6.3 report the
results per dataset, and the agreement between SHAP and LIME themselves is given in Table 5.2.

6.2.1. California Housing
No setup reaches the Spearman correlation between SHAP and LIME of 0.772 (Table 6.1). The setups
form two clearly separated groups. The six setups that include feature names range from 0.499 to
0.693 against SHAP and from 0.473 to 0.692 against LIME, while the four data-driven setups range
from −0.041 to 0.158 against SHAP and from −0.088 to 0.240 against LIME. The highest correlation
is obtained by mixed neighbors with Gemma (0.693 against SHAP, 0.692 against LIME), although the
three Gemma setups with feature names lie within 0.025 of each other against SHAP and within 0.038
against LIME.

Gemma correlates more strongly than GPT-OSS with both references for every template. Across
both references, the Gemma setups with feature names range from 0.654 to 0.693 and the GPT-OSS
setups with feature names from 0.473 to 0.584. For each setup, the correlations with SHAP and with
LIME differ by at most 0.082. Standard deviations across runs are at most 0.022 for the setups with
feature names and at most 0.062 for the data-driven setups.

Method SHAP Spearman LIME Spearman

Mixed Neighbors Gemma 0.693± 0.005 0.692± 0.004
LLM-Rank Gemma 0.676 ± 0.001 0.654 ± 0.001
LLM-Score Gemma 0.668 ± 0.003 0.679 ± 0.007
LLM-Score GPT-OSS 0.531 ± 0.006 0.584 ± 0.009
Mixed Neighbors GPT-OSS 0.502 ± 0.022 0.473 ± 0.021
LLM-Rank GPT-OSS 0.499 ± 0.005 0.553 ± 0.008
PGICL Gemma 0.158 ± 0.037 0.240 ± 0.040
PICL Gemma 0.052 ± 0.046 0.060 ± 0.040
PICL GPT-OSS 0.002 ± 0.018 −0.045 ± 0.032
PGICL GPT-OSS −0.041 ± 0.032 −0.088 ± 0.062

Table 6.1: California Housing: Agreement between LLM-generated feature rankings and reference feature importance rankings
measured by Spearman correlation. Results are reported as mean ± standard deviation over 3 runs.

6.2.2. Wine Quality
On Wine Quality, where SHAP and LIME correlate at only 0.226, the results depend strongly on the
reference (Table 6.2). Against SHAP, the correlations range from 0.148 to 0.645, and eight of the ten
setups exceed 0.226. The four text-driven setups score highest (from 0.466 to 0.645), with LLM-Rank
above 0.6 for both LLMs. Against LIME, the range is much narrower (from 0.081 to 0.331), and six of
the ten setups exceed 0.226. The highest correlation with LIME is obtained by P-ICL with GPT-OSS
(0.331), which has the lowest correlation with SHAP (0.148). Conversely, LLM-Rank with Gemma, the
highest against SHAP (0.645), ranks seventh against LIME (0.220).

The difference between the two LLMs depends on the template. For the two text-driven templates,
Gemma and GPT-OSS differ by at most 0.033 against either reference, and for mixed neighbors by at
most 0.043. For the data-driven templates, the differences are larger and point in opposite directions.
Gemma correlates more strongly with SHAP (by 0.168 for P-ICL and 0.190 for PG-ICL), whereas GPT-
OSS correlates more strongly with LIME (by 0.215 for P-ICL and 0.135 for PG-ICL). Standard deviations
across runs do not exceed 0.035.

6.2.3. Taiwan Bankruptcy Prediction
No setup reaches the Spearman correlation between SHAP and LIME of 0.414 (Table 6.3). Against
SHAP, the two data-driven setups with Gemma score highest (0.305 for PG-ICL and 0.273 for P-ICL),
and the remaining setups range from 0.078 to 0.224. Against LIME, PG-ICL with Gemma and LLM-
Score with Gemma share the highest correlation (0.281), followed by P-ICL with Gemma (0.231), while
mixed neighbors with Gemma has the lowest (−0.079).
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Method SHAP Spearman LIME Spearman

LLM-Rank Gemma 0.645± 0.000 0.220 ± 0.000
LLM-Rank GPT-OSS 0.612 ± 0.006 0.241 ± 0.017
LLM-Score Gemma 0.493 ± 0.008 0.323 ± 0.005
LLM-Score GPT-OSS 0.466 ± 0.010 0.306 ± 0.010
Mixed Neighbors Gemma 0.415 ± 0.007 0.239 ± 0.003
PGICL Gemma 0.374 ± 0.019 0.081 ± 0.016
Mixed Neighbors GPT-OSS 0.372 ± 0.011 0.243 ± 0.007
PICL Gemma 0.316 ± 0.007 0.116 ± 0.035
PGICL GPT-OSS 0.184 ± 0.028 0.216 ± 0.014
PICL GPT-OSS 0.148 ± 0.004 0.331± 0.020

Table 6.2: Wine Quality: Agreement between LLM-generated feature rankings and reference feature importance rankings mea-
sured by Spearman correlation. Results are reported as mean ± standard deviation over 3 runs.

As on Wine Quality, individual setups rank differently depending on the reference. LLM-Score with
Gemma has the lowest correlation with SHAP (0.078) but shares the highest with LIME (0.281), and
LLM-Rank with GPT-OSS ranks fourth against SHAP (0.216) but eighth against LIME (0.072).

The difference between the LLMs again depends on the template. With the data-driven templates,
Gemma correlates more strongly than GPT-OSS with both references (by 0.110 to 0.158). With the
three templates that include feature names, GPT-OSS correlates more strongly with SHAP (between
0.171 and 0.224, compared to between 0.078 and 0.096 for Gemma). Against LIME, Gemma is ahead
for both text-driven templates (0.173 and 0.281, compared to 0.072 and 0.157), and GPT-OSS is ahead
for mixed neighbors (0.041, compared to −0.079).

Mixed neighbors with Gemma is the only setup across all three datasets with a standard deviation
across runs above 0.1 (0.116 against SHAP, 0.114 against LIME). All other setups on this dataset stay
at or below 0.019. Both LLMs also had more difficulty following the output format on this dataset, in
some cases ignoring the formatting instructions or naming features that do not exist.

Method SHAP Spearman LIME Spearman

PGICL Gemma 0.305± 0.005 0.281± 0.010
PICL Gemma 0.273 ± 0.007 0.231 ± 0.015
LLM-Score GPT-OSS 0.224 ± 0.005 0.157 ± 0.010
LLM-Rank GPT-OSS 0.216 ± 0.004 0.072 ± 0.004
PGICL GPT-OSS 0.177 ± 0.019 0.123 ± 0.009
Mixed Neighbors GPT-OSS 0.171 ± 0.011 0.041 ± 0.012
PICL GPT-OSS 0.163 ± 0.017 0.115 ± 0.013
Mixed Neighbors Gemma 0.096 ± 0.116 −0.079 ± 0.114
LLM-Rank Gemma 0.090 ± 0.004 0.173 ± 0.011
LLM-Score Gemma 0.078 ± 0.010 0.281± 0.008

Table 6.3: Taiwan Bankruptcy Prediction: Agreement between LLM-generated feature rankings and reference feature importance
rankings measured by Spearman correlation. Results are reported as mean ± standard deviation over 3 runs.

6.3. Aggregated Results
In this section, we show the aggregated results over all experimental runs for each dataset, first grouped
by the prompt template used (Table 6.4) and then by the language model used (Table 6.5). This is done
in an attempt to isolate the various independent factors and their individual contributions to the results.

As we can see in Table 6.4, on California Housing, text-driven and mixed neighbors produce similar
results, clearly outperforming purely data-driven prompts, which, on average, report rankings close
to random orderings. On the Wine Quality dataset, text-driven still leads, but the difference to data-
driven is lower, especially against LIME. Mixed neighbors ranks somewhere in between the two families,
suggesting that introducing neighboring samples does not help, instead probably confusing the model.
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California Housing Wine Quality Taiwan Bankruptcy

Template SHAP LIME SHAP LIME SHAP LIME

LLM-Rank 0.588 0.604 0.629 0.231 0.153 0.123
LLM-Score 0.600 0.632 0.480 0.315 0.151 0.219
Text-driven mean 0.594 0.618 0.555 0.273 0.152 0.171

Mixed Neighbors 0.598 0.583 0.394 0.241 0.134 −0.019
P-ICL 0.027 0.008 0.232 0.224 0.218 0.173
PG-ICL 0.059 0.076 0.279 0.149 0.241 0.202
Data-driven mean 0.043 0.042 0.256 0.187 0.230 0.188

Table 6.4: Agreement between LLM-generated feature rankings and the reference feature importance rankings, by prompt
template, measured by Spearman rank correlation. Each value is the mean over the two LLMs of the corresponding entries in
Tables 6.1, 6.2 and 6.3. Rows are grouped by prompt family.

On the Taiwan dataset, the order is flipped. Data-driven methods lead against both LIME and SHAP
when compared to text-driven methods. The worst performer is the mixed neighbors prompt, with a
slightly worse than random performance against LIME, and a slightly worse performance than the text-
driven mean against SHAP. This result leads us to believe that adding the feature names of this dataset
to the prompt mostly degrades performance.

When comparing performance by LLM, we can see a large difference for both LIME and SHAP
in Gemma’s favor on California Housing. On Wine Quality, Gemma is more aligned with SHAP, while
GPT-OSS seems slightly more aligned with LIME. For the Taiwan dataset, the twomodels seem to have
a similar level of agreement with SHAP, and Gemma is, on average, slightly more aligned with LIME.
However, the similar agreement with SHAP on Taiwan comes from differences in opposite directions:
GPT-OSS is ahead with the three templates that include feature names, and Gemma with the two
data-driven templates (Table 6.3).

California Housing Wine Quality Taiwan Bankruptcy

Model SHAP LIME SHAP LIME SHAP LIME

Gemma 0.449 0.465 0.449 0.196 0.168 0.177
GPT-OSS 0.299 0.295 0.356 0.267 0.190 0.102

Difference 0.151 0.170 0.092 −0.071 −0.022 0.076

Table 6.5: Agreement between LLM-generated feature rankings and the reference feature importance rankings, by language
model, measured by Spearman rank correlation. Each value is the mean over the five prompt templates of the corresponding
entries in Tables 6.1, 6.2 and 6.3. The final row gives the difference between the two models.
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Discussion

In this thesis, we compared five prompt templates: four from two existing approaches and a novel mixed
neighbors template. This was done using two LLMs and three datasets with quantitative metrics.

LLM-generated rankings exceeded the agreement between SHAP and LIME onWine Quality, came
close to it on California Housing, and fell well short of it on Taiwan Bankruptcy Prediction. OnWine Qual-
ity, most setups exceeded the agreement between SHAP and LIME themselves (eight of ten against
SHAP and six of ten against LIME), while on California Housing and Taiwan Bankruptcy Prediction, no
setup reached this level. However, alignment varied strongly between datasets and setups. For ex-
ample, one of the top-performing setups on one dataset (LLM-Rank Gemma) can vary from 0.676 on
California Housing to 0.090 in Spearman correlation against SHAP on Taiwan Bankruptcy Prediction.

In this chapter, we identify four conditions that impact alignment across the experiments: agreement
between SHAP and LIME, dataset characteristics (the dimensionality, the semantic content of its feature
names, and its task type), the prompt template used, and the choice of LLM. Additionally, we present
the limitations of this study.

7.1. Agreement between SHAP and LIME
Arguably, the agreement between SHAP and LIME on the selected datasets is very important, as it is
the reference point on which LLMs are judged. For example, on California Housing, SHAP and LIME
agree with each other at 0.772 Spearman, while onWine Quality, the same two explainers only agree at
0.226 Spearman. If, on a dataset, SHAP and LIME have a high agreement rate, such as on California
Housing, the scores against SHAP are very similar to the scores against LIME, with their differences
not yielding additional information. OnWine Quality, where SHAP and LIME agree the least, the choice
of reference changes which setups perform best: LLM-Rank Gemma achieved 0.645 against SHAP
but only 0.220 against LIME, while P-ICL GPT-OSS showed the opposite pattern (0.148 against SHAP,
0.331 against LIME). This could suggest that data-driven prompts, which rely on perturbations like
LIME, are closer to LIME, but the same prompts with Gemma aligned more with SHAP. Using only
SHAP as the reference would have led to the conclusion that text-driven prompts work best on Wine
Quality, whereas using only LIME would have ranked a data-driven setup (P-ICL GPT-OSS) highest.
Consequently, on Wine Quality a low score against one reference does not necessarily indicate a poor
ranking, as LLM-Rank Gemma agrees with LIME (0.220) about as much as SHAP itself does (0.226).

7.2. Dataset characteristics
The properties of the dataset are another condition that explains the differences in agreement among
the setups. The three datasets used were chosen to represent a spectrum of possible characteristics,
with a varying number of features (8, 11, and 20 for California Housing, Wine Quality, and Taiwan
Bankruptcy Prediction, respectively), distinct types of tasks (regression, multi-class classification, and
binary classification), and feature names of varying semantic complexity. Because the different types of
prompts used rely on different types of information provided to the LLM (e.g., the data-centric prompts
do not use the feature names while text-driven prompts rely mainly on them), they can also help isolate
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certain conditions that influence alignment. We analyze the impact of each of them in the subsections
below.

7.2.1. Dimensionality
Before performing the experiments, we expected the number of features to be inversely correlated
with the agreement with SHAP and LIME, but the results do not show this as a general rule. While
this is indeed the case for datasets with large numbers of features (during testing, it was found that
prompts containing more than 25 features yield unstable results), this does not hold for the numbers
of features used in the experiments. Looking at Table 6.4, we can see that data-centric performance
for Taiwan Bankruptcy Prediction was similar to that for Wine Quality (mean Spearman correlation
of 0.230 compared to 0.256 against SHAP, and 0.188 compared to 0.187 against LIME). Conversely,
on California Housing, which has the fewest features, data-driven prompts perform the worst out of
all datasets (≈0.04 for both SHAP and LIME). This suggests that, within this range, other dataset
characteristics, such as the feature names and task type discussed below, affect agreement more than
the number of features.

Text-driven prompts, in contrast, require the LLM to reason about the meaning of every feature, so
a higher number of features could still affect them more. Their agreement does drop sharply on Taiwan
Bankruptcy Prediction (a mean Spearman correlation of 0.152 against SHAP, compared to 0.594 on
California Housing and 0.555 on Wine Quality). However, Taiwan Bankruptcy Prediction has both the
most features and the most complex feature names, so this drop could be caused by either of them.

In summary, within the range used in our experiments, dimensionality did not lower agreement for
data-driven prompts, while text-driven prompts did show lower agreement on the dataset with the most
features, although this cannot be separated from the effect of its complex feature names.

7.2.2. Feature names
It is possible that the feature names themselves play an important role in the agreement rate. California
Housing and Wine Quality have short, descriptive feature names that are easy to interpret (e.g., me-
dian income, latitude, alcohol, volatile acidity), while the features of Taiwan Bankruptcy Prediction are
financial ratios, many of which represent complex formulas with long names. For text-driven prompts,
the Spearman correlation against SHAP on Taiwan Bankruptcy Prediction dips to 0.152, compared to
over 0.55 for both California Housing and Wine Quality. The top-𝑘 overlap results may contain an ex-
planation for this (Table C.3). If we consider the most important feature identified by the LLMs using
text-driven prompts on the Taiwan dataset, we can see that in 3 out of 4 setups, they score below 1%
against SHAP, while the random expectation is 5%. We can also see the same pattern for Califor-
nia Housing, with the top feature choice having a low overlap rate with SHAP. Scoring below random
means that the LLMs consistently choose a feature that SHAP almost never ranks first. This could
suggest that the LLMs tend to select features that they think are relevant for predicting bankruptcy and
home values in general, and in these cases, the rankings do not match what the ML model considers
relevant. Not identifying the top feature correctly is an important error, as in many datasets a single
feature has a much larger contribution to the prediction than the rest.

There is also another possible explanation for the drop. Many features of the Taiwan dataset are
strongly correlated, and when correlated features carry the same information, SHAP can split the credit
between them and lower the importance of each. The pruning procedure (Appendix B) selected fea-
tures by predictive power and tree-based importance, but did not explicitly filter out correlated features.
The tree-based criterion may favor one feature from a correlated group, but the Predictive Power Score
evaluates each feature on its own, so correlated features may remain in the final set. This effect there-
fore remains a possible cause of the lower agreement.

Regarding the lower performance of the data-driven setups on California Housing, latitude and
longitude are some of the most predictive features of the dataset. However, it is difficult for the LLM to
infer that they are meaningfully connected when the LLM is unable to see their names.

Overall, feature names appear to help agreement when they are descriptive and the LLM’s domain
knowledge matches what the model relies on, as on California Housing and Wine Quality, but they
seem to lower agreement when they are complex, as on Taiwan Bankruptcy Prediction. Meanwhile,
hiding them can remove useful information, as seen for the data-driven prompts on California Housing.
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7.2.3. Task type
The fact that California Housing is a regression task could also help explain why data-driven prompts
performed much worse on this dataset than on the other two (a mean Spearman correlation of ≈0.04
against both SHAP and LIME, compared to around 0.19 to 0.26 onWine Quality and Taiwan Bankruptcy
Prediction). Since California Housing is the only regression task and its data-driven prompts also
lack feature names, the two effects cannot be separated. Additionally, the paper that introduced this
approach (Kroeger et al., 2024) only used binary classification datasets.

One possible cause of the low agreement of data-driven prompts on California Housing is the way
the 16 perturbed samples were selected. The original procedure (Kroeger et al., 2024) stratifies sam-
ples by predicted class, which has no direct equivalent for a continuous output, so we adapted it by
selecting samples across brackets of the predicted value. This adaptation may capture the model’s lo-
cal behavior less well than class stratification does, or regression could be inherently more difficult for
this method (small changes in a continuous output may be harder to notice than a change in predicted
class).

7.3. Prompt templates
The third condition is the information provided to the LLM through the prompt template. Text-driven
prompts provide feature names, task context, and no other samples. Data-driven prompts provide
anonymized perturbed samples, and the mixed neighbors prompt combines feature names with real
neighboring samples. Comparing them shows how feature names and sample data contribute to align-
ment.

7.3.1. Text-driven prompts
Text-driven prompts achieved a mean Spearman correlation against SHAP of 0.594 on California Hous-
ing and 0.555 on Wine Quality, but only 0.152 on Taiwan Bankruptcy Prediction. As discussed in Sec-
tion 7.2.2, these high scores likely come from the LLMs using the descriptive feature names and their
domain knowledge to rank features that are generally relevant, which also explains why they often miss
the most important feature for a specific prediction.

However, it seems that inserting feature names into the template results in a more global feature
ranking. For example, on California Housing, all text-driven setups show very similar scores from the
top-1 to top-5 overlaps, regardless of the LLM (Table C.1). Meanwhile, data-driven setups are more
diverse and show a higher standard deviation. If the LLM mostly ranks the same feature as the most
predictive, the top-1 overlap is dependent on whether the other explainer (SHAP or LIME) also agreed
often. This is the case for Wine Quality, but not for the other two datasets. The text-driven templates
were originally designed for global feature selection (Jeong et al., 2025), so the LLM cannot access
any information about the sample’s neighborhood or see other predictions.

Also, because these datasets are probably in both LLMs’ training sets (this point is expanded upon
in Section 7.5), it is not unlikely that the LLM has been trained on text describing which features have
the most predictive power, supporting the argument from earlier.

7.3.2. Data-driven prompts
The data-driven prompts entirely avoid the issue that text-based prompts have, since the feature names
are hidden and the LLM cannot rely on its domain knowledge. That could explain why all data-driven
setups were able to outperform the text-driven prompts in selecting the top-1 most predictive feature
for Taiwan Bankruptcy Prediction and California Housing, and also outperform the random baseline
on Taiwan Bankruptcy Prediction (Tables C.1 and C.3). In spite of this better top-1 performance, the
rest of the results are mixed: on California Housing, the overlap beyond the top feature stays close
to the random baseline for most setups and the mean Spearman correlation is close to zero, while
on Taiwan Bankruptcy Prediction, data-driven prompts achieve the highest Spearman correlation of all
three prompt families. This could be caused by the LLM possibly trying to recall which features differ
the most between samples. For the Taiwan dataset, the dimensionality is greater than the number of
samples shown to the LLM, further increasing the ranking difficulty.
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7.3.3. Mixed neighbors prompt
The mixed neighbors prompt was designed to show the LLM real data, similar to the target sample,
in an effort to help it better anchor its rankings. However, due to the inclusion of the feature names,
it has a similar performance to the text-driven setups, which suggests that the LLM relies mainly on
the feature names and its domain knowledge, and uses the neighboring samples relatively little. The
mixed neighbors setups seem to show a slight improvement over text-driven prompts for top-1 overlap,
and perform especially well in Spearman rankings against SHAP and LIME on California Housing.
They perform poorly on Taiwan Bankruptcy Prediction however, where the top-1 and top-2 overlaps
show a high standard deviation. This could be caused by the feature names dominating the feature
values. Overall, using both techniques in one prompt type does not seem to combine their strengths.
A possible explanation is that the feature names give the LLM a strong and easy-to-use signal, while
four neighboring samples that differ from the target in many features at once give only a weak signal
about which features matter for the prediction, so the LLM falls back on its domain knowledge instead
of correcting it with the data.

7.4. LLM Comparison
Overall, Gemma was able to achieve results more in line with both SHAP and LIME, especially for
California Housing (Table 6.5). This is also the case for Wine Quality against SHAP, but the difference
between the two LLMs is smaller. This finding could be partly related to the fact that Gemma is a
newer model by almost 8 months. Additionally, according to its model card (Google DeepMind, 2026),
Gemma uses a dense model architecture, meaning that it uses all of its 30.7 billion parameters for
each inference. This is in contrast to GPT-OSS, which uses a Mixture-of-Experts (MoE) architecture
that activates only 5.1 billion parameters for inference (OpenAI, 2025). These factors could make a
significant difference for complex reasoning tasks such as feature contribution approximation. How-
ever, the difference in model size and training data makes it hard to isolate each variable’s individual
contribution.

Overall, the choice of LLM seems to matter less than the prompt template. The difference between
the best- and worst-performing templates is much greater on average than the difference between the
two LLMs, with an average of 0.351 for the templates (Table 6.4) compared to 0.097 for the LLMs (Table
6.5).

In practice, this means the prompt template choice is more important than the choice of LLM.
Gemma gave the highest agreement in most settings and would be a reasonable default, while GPT-
OSSwas better against SHAPwhen long, complex feature nameswere included, as on Taiwan Bankruptcy
Prediction, and against LIME on Wine Quality. Since only two LLMs were tested, this should be seen
as a starting point rather than a general rule.

7.5. Limitations
Several limitations should be taken into account when interpreting these results, relating to the data
given to the LLMs, the LLMs themselves, the model access each approach requires, and the way
agreement was measured. On the data side, the methodology depends on preprocessing to make the
features usable for the LLM, and the datasets are public and well known, so the LLMs may have seen
data about them during training. On the model side, only two LLMs were tested, which limits how far
the results generalize to other models. On the method side, the approaches differ in how much model
access they require. Finally, the evaluation compares rankings against SHAP and LIME, which are
approximations rather than a ground truth, and the use of rankings instead of importance scores loses
information about how large the differences between features are.

1. The proposedmethodology involves some data preprocessing, depending on the dataset. Datasets
with categorical or encoded features, or features without meaningful names, first need to be pre-
processed. This limits the number of applications of this methodology, and creating a more stan-
dardized preprocessing procedure could allow it to be applied to a wider range of datasets. This
also introduces additional design choices that affect results and have to be considered on a case-
by-case basis.

2. Data Contamination: all used datasets are publicly available, widely known, and studied. This
could cause the text-driven and mixed neighbors results to be artificially improved due to useful
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data (studies, analyses and other material related to the datasets) being included in the LLMs’
training data. This is less of a concern for the data-driven settings: although they include the fea-
ture values of the instance being explained, the feature names are replaced by generic labels and
the remaining samples are synthetic perturbations, which makes it harder, though not impossible,
for the LLM to recognize the dataset and draw on prior knowledge about it. A next step would
be to repeat the experiments on datasets the LLMs are unlikely to have seen, such as private
datasets or datasets published after their training cutoff.

3. Additionally, only two LLMs were tested. They were chosen because both are open-weights,
instruction-tuned models that follow formatting instructions well, and because they represent two
model families with different architectures, a dense model (Gemma) and a Mixture-of-Experts
model (GPT-OSS). Results might differ for other model families and providers. Although we
accessed them through OpenRouter in our experiments, open-weights models also fit the setting
described in Chapter 4, where the user has full access to the dataset but not to the predictive
model, since they can be run on the user’s own infrastructure without sharing the data with an
external provider.

4. Model access requirements differ between the prompting approaches. Only the text-driven prompts
require nothing beyond the prediction being explained. The data-driven prompts require the
model’s predictions on 10,000 perturbations per instance, more than the 5,000 used for LIME,
and the mixed neighbors prompt requires predictions for additional training samples. Therefore,
these approaches only partly fit the access-restricted setting that motivates this thesis, unless
such predictions are already available, for example from logged model outputs.

5. SHAP and LIME are not the absolute ground truth when it comes to explaining model behavior.
They approximate model behavior in different ways and can disagree with each other. This has
to be taken into account when interpreting the results. Agreement with SHAP or LIME only shows
that an LLM ranks features similarly to an existing explainer, not that its ranking is faithful to the
model. As discussed in Section 5.4, a low score against one explainer can simply reflect the
disagreement between the two.

6. Using rankings instead of feature scores leads to information loss. For example, if there is a high-
importance feature ranked just one position above a low-importance feature, even if importance
scores could have revealed the scale of this gap, the ranking compresses it down to the number
of positions between features. For our results, this means equally important features swapping
order is penalized as much as two features with very different importances.

7.6. Societal implications
The approaches examined in this thesis could help users without direct access to an ML model or orga-
nizations using proprietary prediction models with no way to configure a traditional post-hoc explainer.
The results show that LLM-based feature rankings agree with post-hoc explainers when domain knowl-
edge aligns with the model behavior. The agreement seems to be a product of the LLMs’ subject
knowledge, rather than an analysis of a specific sample. This can be seen on California Housing and
Taiwan Bankruptcy Prediction, where most text-centric prompts were not able to pick the most predic-
tive feature more often than the random expectation.

However, the circumstances in which an LLM-driven explainer would most likely be used involve
an ML model whose outputs are not easily understood and verified (e.g., due to a bias in training data).
In these cases, the LLM would assume the ML model to be aligned with its domain knowledge, thus
not solving the problem. LLM-generated explanations could serve the role of a quick estimate of which
features are important in general.

The EU AI Act (European Parliament and Council of the European Union, 2024) classifies systems
such as credit scoring of individuals as high-risk and gives persons affected by decisions based on
such systems the right to a clear and meaningful explanation of the role of the AI system in the decision
(Article 86). It also requires high-risk systems to be transparent enough for deployers to interpret their
output and to allow effective human oversight. An LLM-generated ranking that mostly reflects domain
knowledge would not meet this standard on its own, since it does not describe the role of the specific
model.
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Finally, the text-driven prompts used in this study contain the feature values of the dataset, and the
mixed neighbors prompt also includes real samples from the training data. In domains with personal
data, sending these prompts to an external LLM provider would mean sharing data about the person
being explained as well as about other individuals, which raises privacy concerns under the GDPR.
Running open-weights models such as Gemma and GPT-OSS locally avoids this problem. Overall,
LLM-generated explanations could serve the role of a rougher, quick estimate of which features are
important in general, but should not be the only explanation used in high-stakes settings.



8
Conclusion

Black-box models often require the use of post-hoc explainers such as SHAP or LIME to improve their
explainability. The use of SHAP or LIME requires access to the model, which is often unavailable, due
to a model being proprietary or a restrictive access interface, as well as some technical expertise for
their setup and configuration. LLMs require no access to model internals and have shown that they are
capable of completing reasoning tasks for which they were not specifically trained.

This study investigated the conditions under which LLM-generated feature importance rankings can
align with post-hoc explainers such as SHAP and LIME. We performed the experiments with XGBoost
models, on three datasets (California Housing, Wine Quality, and Taiwan Bankruptcy Prediction), using
two open-weights LLMs (GPT-OSS 120B and Gemma 4 31B). Both LLMs were prompted using five
different prompt templates: text-driven prompts (LLM-Score and LLM-Rank) that provide feature names
and task context, data-driven prompts (P-ICL and PG-ICL) that provide anonymized perturbed samples,
and a novel mixed neighbors strategy that includes feature names and similar neighboring samples.

The findings suggest that under specific settings, LLMs can get close to matching LIME and SHAP.
In some instances, they were even able to match the level of agreement between SHAP and LIME
themselves. For example, on California Housing, the mixed neighbors prompt with Gemma achieved
a Spearman correlation of 0.693 against SHAP (while SHAP and LIME themselves had a correlation of
0.772). On Wine Quality, where SHAP and LIME were in slight agreement (0.226 Spearman correla-
tion), eight of the ten setups tested surpassed this number against SHAP and six out of ten against LIME,
with the best setup (LLM-Rank Gemma against SHAP) achieving a correlation of 0.645. Conversely,
on the Taiwan dataset, no setup was able to match the SHAP-LIME agreement (0.414 Spearman cor-
relation) in terms of Spearman correlation, with the closest being PG-ICL Gemma (0.305 correlation).

When analyzing the overlap scores, we can see that text-driven prompts identified most of the
three most important features on California Housing and Wine Quality (up to 76% overlap with SHAP
on California Housing and up to 91% on Wine Quality), and mixed neighbors did so with Gemma
on California Housing. We can also see that, on California Housing and Taiwan Bankruptcy Prediction,
most text-driven setups chose the top-ranked feature correctly less often than a random ordering. Data-
driven prompts onGemma showed the opposite pattern on these two datasets, being correct more often
about the single most predictive feature (on Taiwan Bankruptcy Prediction about as often as SHAP and
LIME agree with each other). In general, the overlap scores suggest that text-driven rankings, and to a
lesser extent mixed neighbors, reflect which features the LLM considers domain-relevant, rather than
which features influenced a specific prediction.

To answer the research question, LLM-generated feature importance rankings agree with SHAP and
LIME mainly under three conditions. First, the dataset has few features with semantically meaningful
names whose relationship to the target matches common domain knowledge; in this case, prompts
containing feature names reach agreement close to, or even above, that between SHAP and LIME.
Second, the information in the prompt suits the dataset: feature names help when they are descrip-
tive and familiar, but appear to hurt when they describe complex quantities, as on Taiwan Bankruptcy
Prediction, where anonymized data-driven prompts performed best. Third, the agreement between
the reference explainers themselves matters: where SHAP and LIME disagree, the same ranking can
appear well or poorly aligned depending on which one is used. The choice of LLM had a smaller effect

28



8.1. Applicability 29

than the choice of prompt template. However, agreement does not imply that the LLM explains the in-
dividual prediction: text-driven rankings appear to vary little between instances, and on two of the three
datasets most text-driven setups identify the single most important feature less often than a random
ranking would.

8.1. Applicability
The results of the study show that LLMs can be used with some degree of success as post-hoc ex-
plainers in certain circumstances; more specifically, LLM-generated rankings best serve as a quick,
rough estimate of which features are generally predictive, but are lacking when it comes to individual
predictions. Looking at the findings, the applicability of this methodology is dependent on several char-
acteristics of the dataset (dimensionality, semantic richness of features, task type), and on the type
of information provided in the prompt. It also depends on the available model access, as only the
text-driven prompts require nothing beyond the prediction being explained (Section 7.5).

The methodology is most applicable to datasets with few numerical features whose names are
semantically meaningful and whose relationship to the target feature is well-understood, such as Cali-
fornia Housing and Wine Quality. It performed poorly on Taiwan Bankruptcy Prediction, where prompts
without feature names performed best but still agreed only weakly. However, this dataset has many
features, strongly correlated features, and features representing complex formulas, so our experiments
cannot separate the effect of each. For all datasets, the choice of prompt template matters more than
the choice of LLM.

Finally, if a model deviates from domain knowledge, for instance due to biased training data, the LLM
will likely still rank features according to its own priors (Section 7.6), and without a reference explainer
this cannot be easily detected. Conversely, when model access is available, systematic disagreement
between LLM-generated rankings and SHAP or LIME could flag models that rely on counter-intuitive
features.

8.2. Future work
Future work can focus on an array of possible paths. For example, the methodology could be general-
ized to reduce the amount of preprocessing of the data and the design choices made for that purpose.
Finding amore efficient way of delivering numerical data to LLMs could alleviate this issue. Themethod-
ology could also be applied to a wider array of LLMs and datasets to strengthen the generalizability of
the findings. In particular, repeating the experiments on datasets the LLMs are unlikely to have seen
would show how much of the text-driven agreement comes from data contamination, and using more
datasets per condition would allow dimensionality, feature names, and task type to be varied inde-
pendently. Additional prompt engineering techniques could be employed to make better use of LLMs’
strengths and to mitigate their weaknesses. For now, LLMs cannot easily process large amounts of
numerical data in their context, so if this aspect improves in the future, this method could see improved
results.



A
Prompt Templates

A.1. In-Context Explainers
A.1.1. P-ICL
Context:
”We have a classification machine learning model that predicts
based on 11 features: [’A’, ’B’, ’C’, ’D’, ’E’, ’F’, ’G’,
’H’, ’I’, ’J’, ’K’]. The dataset below contains the feature
values ’A’ through ’K’ and the corresponding model outputs.”

Dataset:
Input: A: 9.236, B: 0.349, C: 0.182, ...
Output: 4

[15 perturbed samples omitted]

Question:
”Based on the above set, list all eleven features ranked from
the most important to the least important in driving the output
for the specific data sample provided below”

Instructions:
”Think about the question. After explaining your reasoning,
provide your answer as all eleven features ranked from most
important to least important, in descending order, separated by
commas for the specific data point given below.

Only provide the feature names on the last line. Do not provide
any further details on the last line.”

Specific data sample:
Input: A: 6.800, B: 0.610, C: 0.040, D: 1.500,
E: 0.057, F: 5.000, G: 10.000, H: 0.995,
I: 3.420, J: 0.600, K: 9.500
Output: 2

Listing A.1: P-ICL prompt template, demonstrated on a sample from the Wine Quality dataset.
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A.1.2. PG-ICL
Context:
”We have a classification machine learning model that predicts
based on 11 features: [’A’, ’B’, ’C’, ’D’, ’E’, ’F’, ’G’,
’H’, ’I’, ’J’, ’K’]. The dataset below contains the feature
values ’A’ through ’K’ and the corresponding model outputs.”

Dataset:
[16 [perturbed] samples omitted]

Question:
”Based on the above set, list all eleven features ranked from
the most important to the least important in driving the output
for the specific data sample provided below”

Instructions: “For each feature, starting with ‘’A and continuing to ‘’K:

1. Analyze the feature in question. Rate the importance of the feature in
determining the output on a scale of 0-100, considering both positive and
negative correlations. Ensure to give equal emphasis to both positive and
negative correlations and avoid focusing only on absolute values.
2. After analyzing the feature, position it in a running rank compared to the
features already analyzed. For instance, after analyzing feature ‘’B, determine
its relative importance compared to ‘’A and position it accordingly in the rank
(e.g., BA or AB). Continue this process until all features from ‘’A to ‘’K are
ranked. After explaining your reasoning, provide your answer as the final rank
of features from ‘’A to ‘’K from most important to least important, in
descending order, separated by commas. Only provide the feature names on the
last line. Do not provide any further details on the last line”.

Specific data sample:
Input: A: 6.800, B: 0.610, C: 0.040, D: 1.500,
E: 0.057, F: 5.000, G: 10.000, H: 0.995,
I: 3.420, J: 0.600, K: 9.500
Output: 2

Listing A.2: PG-ICL prompt template, demonstrated on a sample from the Wine Quality dataset.

A.2. LLM-Select
A.2.1. LLM-Rank
We have trained an XGBoost model that predicts the quality of a wine. Your job is

to predict the feature coefficients of this model for a specific data point.
Given a list of features for a specific sample, rank them according to their

importances in predicting whether a wine is high or low quality. The ranking
should be in descending order, starting with the most important feature.

Your response should be a numbered list with each item on a new line. For example:
1. foo
2. bar
3. baz

Only output the ranking. Do not output dialogue or explanations for the ranking.
Do not exclude any features in the ranking.

Rank all 11 features in the following list: ”fixed acidity”, ”volatile acidity”,
”citric acid”, ”residual sugar”, ”chlorides”, ”free sulfur dioxide”, ”total
sulfur dioxide”, ”density”, ”pH”, ”sulphates”, ”alcohol” specifically for the
following sample:

fixed acidity volatile acidity citric acid residual sugar chlorides free
sulfur dioxide total sulfur dioxide density pH sulphates alcohol
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Predicted quality
6.8 0.61 0.04 1.5 0.057
5.0 10.0 0.99525 3.42 0.6 9.5

5

Listing A.3: LLM-Rank prompt template, demonstrated on a sample from the Wine Quality dataset.

A.2.2. LLM-Score
We have trained an XGBoost model that predicts the quality of a wine. Your job is

to predict the feature coefficients of this model for a specific data point.
For each feature input of this specific data point by the user, your task is to

provide a feature importance score (between 0 and 1; larger value indicates
greater importance) for predicting whether a wine is high or low quality and a
reasoning behind how the importance score was assigned.

The output should be formatted as a JSON array of instances that conform to the
JSON schema below.

As an example, for the schema ”properties”: ”foo”: ”title”: ”Foo”, ”description”:
”a list of strings”, ”type”: ”array”, ”items”: ”type”: ”string”, ”required”:
[”foo”] the object ”foo”: [”bar”, ”baz”] is a well-formatted instance of the
schema. The object ”properties”: ”foo”: [”bar”, ”baz”] is not well-formatted.
Here is the output schema: ”’ {”description”: ”Langchain Pydantic output
parsing structure.”, ”properties”: {”feature”: {”title”: ”Feature”,
”description”: ”The name of the feature being scored”, ”type”: ”string”},
”reasoning”: {”title”: ”Reasoning”, ”description”: ”Logical reasoning behind
feature importance score”, ”type”: ”string”}, ”score”: {”title”: ”Score”,
”description”: ”Feature importance score”, ”type”: ”number”}}, ”required”:
[”feature”, ”score”]} ”’

Provide a score and reasoning for each feature ”fixed acidity”, ”volatile
acidity”, ”citric acid”, ”residual sugar”, ”chlorides”, ”free sulfur dioxide”,
”total sulfur dioxide”, ”density”, ”pH”, ”sulphates”, ”alcohol” formatted
according to the output schema above for the following sample:

fixed acidity volatile acidity citric acid residual sugar chlorides free
sulfur dioxide total sulfur dioxide density pH sulphates alcohol
Predicted quality

6.8 0.61 0.04 1.5 0.057
5.0 10.0 0.99525 3.42 0.6 9.5

5

Listing A.4: LLM-Score prompt template, demonstrated on a sample from the Wine Quality dataset.

A.3. Mixed neighbors
We have trained an XGBoost model that predicts the quality of a wine, classifying

it as a quality score based on its physicochemical properties.

The following are wine samples from the dataset, along with their model-predicted
quality scores:

Input: fixed acidity: 5.900 volatile acidity: 0.460 citric acid: 0.000
residual sugar: 1.900 chlorides: 0.077 free sulfur dioxide: 25.000 total
sulfur dioxide: 44.000 density: 0.994 pH: 3.500 sulphates: 0.530 alcohol:
11.200

Predicted quality: 5

Input: fixed acidity: 6.800 volatile acidity: 0.670 citric acid: 0.000
residual sugar: 1.900 chlorides: 0.080 free sulfur dioxide: 22.000 total
sulfur dioxide: 39.000 density: 0.997 pH: 3.400 sulphates: 0.740 alcohol:
9.700
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Predicted quality: 5

Input: fixed acidity: 6.700 volatile acidity: 0.670 citric acid: 0.020
residual sugar: 1.900 chlorides: 0.061 free sulfur dioxide: 26.000 total
sulfur dioxide: 42.000 density: 0.995 pH: 3.390 sulphates: 0.820 alcohol:
10.900

Predicted quality: 6

Input: fixed acidity: 7.400 volatile acidity: 0.620 citric acid: 0.050
residual sugar: 1.900 chlorides: 0.068 free sulfur dioxide: 24.000 total
sulfur dioxide: 42.000 density: 0.996 pH: 3.420 sulphates: 0.570 alcohol:
11.500

Predicted quality: 6

Your task is to rank all 11 features from most to least important in explaining
why the model specifically predicted a quality of 5 for the wine sample below.

Input: fixed acidity: 7.000 volatile acidity: 0.560 citric acid: 0.130
residual sugar: 1.600 chlorides: 0.077 free sulfur dioxide: 25.000 total
sulfur dioxide: 42.000 density: 0.996 pH: 3.340 sulphates: 0.590 alcohol:
9.200

Predicted quality: 5

Think step by step. Compare the target sample’s feature values against the
examples above. Consider which features, given their specific values in the
target sample, most strongly drive the prediction of 5 - including features
that push toward this prediction and features that do not.

Rank all 11 features: ”fixed acidity”, ”volatile acidity”, ”citric acid”,
”residual sugar”, ”chlorides”, ”free sulfur dioxide”, ”total sulfur dioxide”,
”density”, ”pH”, ”sulphates”, ”alcohol”

After explaining your reasoning, provide your final answer on the last line only
as all features separated by commas, ordered from most important to least
important. Do not include anything else on the last line.

Listing A.5: Mixed Neighbors prompt template, demonstrated on a sample from the Wine Quality dataset.



B
Dataset Analysis

The Taiwan Bankruptcy Prediction dataset originally has 95 features, which were reduced to 20 using
a feature selection procedure adapted from a publicly available Kaggle notebook1. All features in
this dataset represent numeric financial ratios, except for two features. One of these, Net Income
Flag (it indicates if a company’s net income was negative for the last 2 years), has the same value
across all samples and was removed. The other is Liability-Assets Flag (indicates whether a company’s
liabilities exceed its assets). The data was then split into a stratified 80/20 train/test partition, and feature
selection was performed on the training set, using two criteria.

The first used criterion was the Predictive Power Score (PPS), a model-based measure of how well
a single feature predicts the target class. PPS works by fitting a decision tree that predicts the class
from one feature, computes its cross-validated weighted F1 score, and normalizes this score against a
naive baseline that always predicts the majority class. Therefore, a score of 0 means the feature adds
nothing beyond the baseline, and a score of 1 means perfect prediction. Unlike correlation, PPS can
capture non-linear and non-monotonic relationships. Only seven features obtained a PPS above zero,
so all seven were retained.

The second criterion was multivariate: a decision tree classifier was trained on all training features,
with its hyperparameters tuned by randomized search under 5-fold cross-validation using F1 as the
objective, and the 13 features with the highest impurity-based importance in the best tree were selected.
The number of tree-based features is a fixed choice from the source notebook. The two sets did not
overlap, and their union gave the final set of 20 features. Nineteen of these are continuous ratios and
one is the binary Liability-Assets Flag.

1https://www.kaggle.com/code/kuralamuthan300/bankruptcy-prediction-xgb-f1-0-84
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C
Top-𝑘 Overlap Results

This appendix reports the exact top-𝑘 overlap values for 𝑘 = 1 to 5 that underlie Figures 6.1, 6.2,
and 6.3, with one table per dataset. Each value is the mean overlap (in %) over the same 100 test
instances, averaged over three runs, with ± denoting the standard deviation across runs. Each table
also includes two reference rows: the alternative baseline, which gives the overlap between SHAP
and LIME themselves, and the random expectation (𝑘/|ℱ|), which gives the overlap expected from a
random ranking.

vs. SHAP vs. LIME

Method 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5
P-ICL Gemma 18.3 ± 2.1 32.5 ± 4.3 40.9 ± 4.2 51.5 ± 0.8 63.3 ± 1.4 20.7 ± 1.5 32.8 ± 4.6 41.6 ± 3.2 51.4 ± 1.1 63.4 ± 0.9
P-ICL GPTOSS 12.3 ± 1.5 31.2 ± 2.6 40.8 ± 0.8 49.8 ± 0.9 60.8 ± 1.7 11.7 ± 5.9 24.3 ± 3.0 36.2 ± 1.8 47.5 ± 0.7 59.9 ± 0.6
PG-ICL Gemma 35.0 ± 5.2 40.7 ± 4.9 45.9 ± 3.3 54.8 ± 0.9 63.9 ± 0.6 38.0 ± 3.6 49.8 ± 1.2 52.0 ± 2.9 57.5 ± 2.2 65.4 ± 0.2
PG-ICL GPTOSS 11.0 ± 1.7 27.3 ± 2.3 37.7 ± 1.5 48.9 ± 0.6 60.7 ± 0.9 6.3 ± 2.5 22.2 ± 4.2 35.1 ± 1.2 47.6 ± 1.7 59.9 ± 1.6

LLM-Rank Gemma 8.0 ± 0.0 63.2 ± 0.6 76.3 ± 0.0 72.7 ± 0.5 79.3 ± 0.1 0.0 ± 0.0 55.3 ± 0.3 79.3 ± 0.0 73.9 ± 0.4 79.5 ± 0.1
LLM-Rank GPTOSS 9.3 ± 1.2 62.7 ± 1.0 74.7 ± 0.3 69.1 ± 0.5 79.1 ± 0.2 1.3 ± 1.2 57.0 ± 1.3 77.4 ± 0.7 71.5 ± 0.8 78.7 ± 0.3
LLM-Score Gemma 8.0 ± 0.0 64.0 ± 0.5 76.4 ± 0.2 74.2 ± 0.3 80.5 ± 0.4 0.0 ± 0.0 57.3 ± 0.3 79.1 ± 0.4 79.2 ± 1.0 80.3 ± 0.3
LLM-Score GPTOSS 8.3 ± 1.5 63.5 ± 0.5 75.8 ± 0.5 69.2 ± 0.5 79.7 ± 0.1 0.7 ± 1.2 57.2 ± 0.6 78.8 ± 0.5 71.9 ± 0.1 79.3 ± 0.1

Mixed neighbors GPTOSS 10.3 ± 1.2 38.3 ± 0.3 59.3 ± 3.4 70.9 ± 1.0 79.6 ± 0.2 3.0 ± 0.0 32.5 ± 1.0 58.1 ± 2.5 72.0 ± 1.3 77.8 ± 0.2
Mixed neighbors Gemma 13.3 ± 0.6 60.5 ± 2.2 75.9 ± 0.5 81.5 ± 0.5 84.5 ± 0.4 4.0 ± 0.0 54.8 ± 1.2 77.9 ± 0.5 84.4 ± 0.6 82.3 ± 0.2

Alt. baseline (LIME / SHAP) 68.0 74.5 74.7 84.8 85.2 68.0 74.5 74.7 84.8 85.2
Random expectation 12.5 25.0 37.5 50.0 62.5 12.5 25.0 37.5 50.0 62.5

Table C.1: California Housing (8 features): Top-𝑘 overlap (%) with SHAP and LIME. Mean over 100 instances ± the standard
deviation over three runs; best per column in bold. The alternative baseline is LIME under the SHAP columns and SHAP under
the LIME columns.

vs. SHAP vs. LIME

Method 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5
P-ICL Gemma 20.3 ± 1.2 43.3 ± 1.8 56.3 ± 0.9 57.1 ± 0.8 57.5 ± 1.0 26.3 ± 1.5 38.0 ± 1.3 42.8 ± 2.5 46.4 ± 3.4 51.7 ± 2.6
P-ICL GPTOSS 26.3 ± 3.1 39.3 ± 1.8 45.7 ± 1.5 48.2 ± 0.9 51.9 ± 1.0 41.7 ± 1.5 41.3 ± 0.8 46.1 ± 1.3 51.9 ± 1.5 58.1 ± 1.7
PG-ICL Gemma 26.0 ± 2.6 49.7 ± 2.8 59.3 ± 2.0 60.1 ± 2.0 60.3 ± 1.6 34.0 ± 2.0 38.7 ± 1.0 41.8 ± 1.3 45.1 ± 3.3 49.9 ± 1.6
PG-ICL GPTOSS 22.7 ± 0.6 39.3 ± 1.9 46.6 ± 2.2 48.2 ± 0.9 50.5 ± 1.0 39.3 ± 3.1 39.8 ± 2.5 42.2 ± 0.5 47.3 ± 1.2 54.0 ± 0.5

LLM-Rank Gemma 34.0 ± 0.0 65.5 ± 0.0 91.0 ± 0.0 77.0 ± 0.0 75.2 ± 0.0 24.0 ± 0.0 67.5 ± 0.0 54.0 ± 0.0 48.0 ± 0.0 54.4 ± 0.0
LLM-Rank GPTOSS 37.0 ± 0.0 63.0 ± 0.5 91.0 ± 0.0 79.6 ± 0.6 71.9 ± 0.1 61.0 ± 0.0 61.0 ± 1.7 54.0 ± 0.0 57.4 ± 0.5 57.4 ± 0.9
LLM-Score Gemma 35.0 ± 0.0 62.8 ± 0.6 67.8 ± 0.2 66.9 ± 0.6 66.7 ± 0.5 35.3 ± 0.6 64.3 ± 0.6 59.2 ± 0.4 56.0 ± 0.7 57.5 ± 0.6
LLM-Score GPTOSS 38.7 ± 3.5 65.5 ± 0.0 81.4 ± 2.7 71.5 ± 0.7 64.7 ± 0.7 50.0 ± 5.3 67.5 ± 0.0 58.6 ± 1.4 57.3 ± 1.0 57.9 ± 1.5

Mixed neighbors GPTOSS 36.0 ± 2.0 49.3 ± 2.6 57.8 ± 1.0 56.1 ± 0.7 59.3 ± 0.8 36.0 ± 4.0 43.2 ± 2.5 47.4 ± 2.3 51.5 ± 1.1 53.5 ± 0.1
Mixed neighbors Gemma 36.0 ± 0.0 53.5 ± 0.5 61.9 ± 0.8 62.3 ± 0.5 62.2 ± 0.2 37.0 ± 0.0 47.2 ± 0.6 49.9 ± 0.2 52.3 ± 0.5 52.4 ± 0.2

Alt. baseline (LIME / SHAP) 50.0 51.0 54.7 54.0 56.4 50.0 51.0 54.7 54.0 56.4
Random expectation 9.1 18.2 27.3 36.4 45.5 9.1 18.2 27.3 36.4 45.5

Table C.2: Wine Quality (11 features): Top-𝑘 overlap (%) with SHAP and LIME. Mean over 100 instances± the standard deviation
over three runs; best per column in bold. The alternative baseline is LIME under the SHAP columns and SHAP under the LIME
columns.
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vs. SHAP vs. LIME

Method 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5 𝑘=1 𝑘=2 𝑘=3 𝑘=4 𝑘=5
P-ICL Gemma 24.7 ± 3.8 31.7 ± 1.9 34.6 ± 1.4 38.4 ± 0.8 41.1 ± 0.2 37.3 ± 1.5 38.7 ± 1.9 39.6 ± 1.3 41.2 ± 1.9 42.8 ± 0.7
P-ICL GPTOSS 20.7 ± 1.5 24.5 ± 0.5 25.1 ± 0.2 30.2 ± 1.5 31.8 ± 1.4 18.7 ± 2.1 24.7 ± 1.3 26.0 ± 1.5 28.2 ± 1.2 32.1 ± 1.2
PG-ICL Gemma 23.7 ± 1.5 33.5 ± 2.3 35.1 ± 0.8 40.6 ± 1.8 41.9 ± 1.0 34.3 ± 1.5 36.3 ± 1.3 40.3 ± 1.5 43.0 ± 0.5 45.2 ± 1.6
PG-ICL GPTOSS 19.3 ± 0.6 22.7 ± 2.0 26.2 ± 1.1 30.7 ± 1.1 32.7 ± 0.6 15.7 ± 2.1 24.8 ± 3.2 26.7 ± 1.5 30.4 ± 1.1 33.0 ± 0.9

LLM-Rank Gemma 0.0 ± 0.0 6.3 ± 0.8 16.6 ± 0.2 28.2 ± 0.0 35.6 ± 0.4 0.0 ± 0.0 0.0 ± 0.0 9.3 ± 0.7 28.7 ± 0.5 34.0 ± 0.2
LLM-Rank GPTOSS 0.7 ± 1.2 12.7 ± 0.3 20.9 ± 0.4 31.7 ± 0.3 38.9 ± 0.1 0.0 ± 0.0 1.8 ± 0.3 15.7 ± 0.7 33.4 ± 0.1 37.5 ± 0.1
LLM-Score Gemma 0.3 ± 0.6 9.8 ± 0.8 19.4 ± 0.2 27.8 ± 0.9 33.3 ± 1.8 4.3 ± 0.6 14.3 ± 1.0 23.7 ± 0.9 28.6 ± 1.3 35.1 ± 1.0
LLM-Score GPTOSS 9.0 ± 1.0 15.7 ± 0.6 24.3 ± 1.5 33.3 ± 1.7 38.4 ± 1.2 12.0 ± 1.7 20.8 ± 1.0 23.9 ± 1.3 28.8 ± 0.9 36.4 ± 0.9

Mixed neighbors GPTOSS 26.7 ± 4.0 25.0 ± 1.8 29.4 ± 2.7 33.9 ± 1.0 36.5 ± 0.2 7.3 ± 0.6 16.5 ± 1.5 21.8 ± 2.3 25.9 ± 1.5 29.1 ± 1.8
Mixed neighbors Gemma 11.7 ± 9.2 13.2 ± 8.4 24.9 ± 8.0 26.5 ± 7.6 29.9 ± 5.1 7.7 ± 6.7 10.5 ± 7.4 14.3 ± 5.2 19.8 ± 4.6 23.9 ± 2.9

Alt. baseline (LIME / SHAP) 27.0 45.0 48.0 49.8 54.4 27.0 45.0 48.0 49.8 54.4
Random expectation 5.0 10.0 15.0 20.0 25.0 5.0 10.0 15.0 20.0 25.0

Table C.3: Taiwan Bankruptcy Prediction (20 features): Top-𝑘 overlap (%) with SHAP and LIME. Mean over 100 instances ±
the standard deviation over three runs; best per column in bold. The alternative baseline is LIME under the SHAP columns and
SHAP under the LIME columns.



D
Use of AI

Generative AI tools were used in an assistive capacity during this thesis. The author takes full respon-
sibility for all content, design decisions, code, and results presented in this work.

Tools used. The following assistants were used: Claude (Anthropic), specifically Claude Sonnet 4.6,
Claude Sonnet 5, and Claude Opus 5.5; Gemini 3.1 Pro (Google); and ChatGPT (OpenAI).

Tasks. The tools were used for the following:

• Writing. Improving the language of drafts written by the author, including grammar, phrasing, and
clarity. Suggestions were edited or rewritten by the author before being included.

• Argument structure. Reviewing the flow and structure of the arguments in drafts. The tools
pointed out unclear transitions or gaps. The author decided which changes to make and wrote
them.

• Experiment code. Speeding up the writing of code for the experimental pipeline, under the au-
thor’s instructions and supervision. All code was run and tested by the author, and all reported
results were produced by running this code.

• Tables and figures. Writing LATEX code for the result tables and Python code for the plots, such
as the top-𝑘 overlap figures in Chapter 6.
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