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ABSTRACT
The rapid advancement of Large Language Models (LLMs)
has significantly influenced various domains, leveraging their
exceptional few-shot and zero-shot learning capabilities. In
this work, we aim to explore and understand the LLMs-
based feature selection methods from a data-centric perspec-
tive. We begin by categorizing existing feature selection
methods with LLMs into two groups: data-driven feature
selection which requires numerical values of samples to do
statistical inference and text-based feature selection which
utilizes prior knowledge of LLMs to do semantical associa-
tions using descriptive context. We conduct experiments in
both classification and regression tasks with LLMs in various
sizes (e.g., GPT-4, ChatGPT and LLaMA-2). Our findings
emphasize the effectiveness and robustness of text-based fea-
ture selection methods and showcase their potentials using
a real-world medical application. We also discuss the chal-
lenges and future opportunities in employing LLMs for fea-
ture selection, offering insights for further research and de-
velopment in this emerging field.

1. INTRODUCTION
Recent years have witnessed the remarkable development of
Large Language Models (LLMs) [1; 4; 53; 58] across vari-
ous domains and areas [37; 6; 36; 3]. By leveraging exten-
sive training corpora and well-designed prompting strate-
gies, LLMs demonstrate impressive few-shot and zero-shot
capabilities in diverse tasks such as question answering [65;
64; 57], information extraction [60] and knowledge discov-
ery [46; 63; 62]. The tuning-free nature also makes in-
context learning (ICL) in LLMs achieve a great balance be-
tween efficiency and effectiveness [54].

Feature selection [10; 35] is a critical data serving step that
ensures relevant and high-quality data for downstream ma-
chine learning and data mining applications. While existing
data-driven selection methods have achieved great success in
scenarios with abundant data and metadata, there is an in-
creasing demand for efficient feature selection methods with
few or even zero samples for various reasons [72]. This need
is particularly pronounced in sensitive applications such as
predicting survival times for cancer patients [56; 66], where
privacy concerns may prevent hospitals and patients from
sharing their data, posing difficulties in the feature selection
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Figure 1: Comparison of traditional feature selection (FS)
algorithms and LLM-based methods. Instead of requiring
the whole dataset to make statistic inference, recent works
prompt LLMs to select features in an efficient way. This is
often achieved in a (i) data-driven, or (ii) text-based way.

and engineering process. To address this challenge, recent
studies [26; 23] have explored leveraging the few-shot capa-
bility in LLMs to perform feature selection in low-resource
settings and got promising results.

In this work, our objective is to thoroughly explore and
understand LLMs-based feature selection methods from a
data-centric perspective. The conclusions and insights drawn
from this exploration can provide insightful guidance for
real-world applications where different types of resources
and data are available. To begin with, we categorize the
prompting strategies in previous studies [8; 26; 40; 23] for
LLMs-based feature selection into two groups: (i) data-
driven methods, which provide specific samples to LLMs [40;
23], and (ii) text-based methods, which incorporate feature
and task descriptions into the instruction [8; 26]. These
two prompting strategies require different data types: data-
driven methods rely on sample points from datasets to do
statistical inference while text-based methods need descrip-
tive context for better semantic association between features
and target variables. Figure 1 presents an overall compar-
ison between the abovementioned methods and traditional
feature selection algorithms. These differences make us cu-
rious about how LLMs perform with each of them under
different data availability settings.

We conduct extensive experiments to explore the two meth-
ods in both classification and regression tasks with different
LLMs in various sizes (E.g. GPT-4, ChatGPT and LLaMA-
2). A key finding based on the results is that, text-based



feature selection using LLMs is more effective and stable
across various low-resource settings. Additionally, it shows
a more pronounced scaling law with respect to the size of
LLMs compared to data-driven approaches. Furthermore,
we carried out a comparative evaluation between text-based
feature selection using LLMs and traditional feature selec-
tion methods. A general observation is that, the text-
based approach is relatively more robust and competitive
across different resource availability settings.

Based on the abovementioned findings, we further explore
the applicability of text-based feature selection with LLMs
in a medical application. Specifically, we focus on the pre-
diction of survival time for cancer patients [56; 66], which
is a crucial task to evaluate both patient health and treat-
ment effectiveness. To enhance the LLMs’ understanding
of medical-specific gene names, we developed a Retrieval-
Augmented Feature Selection (RAFS) method that lever-
ages descriptions from the National Institutes of Health (NIH)
as auxiliary context. Experiment results demonstrate our
RAFS’s effectiveness in performing effective feature selec-
tion while safeguarding patient’s privacy. Finally, we out-
line the existing challenges and potential opportunities in
employing LLMs for feature selection.

To summarize, our contributions in this work are as follows:

• We propose a general taxonomy for the existing LLMs-
based feature selection methods, splitting them into
data-driven and text-based methods.

• Through an analysis under varying data availability
conditions, we identify the strengths and weaknesses of
these two methods, finding that text-based approaches
are more effective and robust.

• We showcase the utilization of the text-based feature
selection method with LLMs in a real-world medical
application and introduce RAFS, a method designed
to handle domain-specific feature selection with LLMs.

• We systematically analyze the existing challenges and
potential future directions for using LLMs in feature
selection, providing further insights and guidelines for
future studies.

2. RELATED WORK

2.1 Feature Selection
Feature selection is the process of identifying and select-
ing the most relevant and important features or variables
from a dataset to improve the performance and efficiency
of a machine learning model [10; 20; 5; 35]. These feature
selection methods can be generally categorized into three
groups: filter, wrapper, and embedded approaches. Filter
methods [31] first rank features by performing correlation
analysis and then selecting the most important ones for the
following learning step. Typical filter methods include mu-
tual information [32; 11], Fisher score [24; 19] and maximum
mean discrepancy [52]. By contrast, wrapper methods [30]
use heuristic search strategies to identify a feature subset
that optimally enhances the performance of certain predic-
tion models (e.g., sequential selection [42] and recursive fea-
ture elimination [21]). For embedded approaches, it works
together with specific machine learning models in the train-
ing phase by adding various regularization items in the loss
function to encourage feature sparsity [55; 71].

Text-based Feature Selection
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Figure 2: Prompting strategies for data-driven and text-
based feature selection methods with LLMs.

2.2 Feature Selection with LLMs
There are already some works exploring the adaptation of
LLMs in feature selection. [8] try to extract the relevant
knowledge from LLMs as the task prior to performing fea-
ture selection, reinforcement learning and casual discovery.
For feature selection, they design a prompt to instruct GPT-
3 [4] to generate whether given features are important by
answering “Yes” or “No”. Following them, [26] expand the
LLMs-based feature selection and propose three different
pipelines that directly utilize the generated text output.
They also conduct extensive experiments in evaluation across
various model scales and prompting strategies. Besides,
some studies devise more complex pipelines with LLMs in
feature selection and feature engineering. [40] introduce an
In-Context Evolutionary Search (ICE-SEARCH) in Medical
Predictive Analytics (MPA) applications. It involves recur-
rently optimizing the selected features by prompting LLMs
to perform feature filtering based on test scores. [23] employ
LLMs as feature engineers to produce meta-features beyond
the original features and combine them with simple machine
learning models to improve predictions in downstream tasks.
In this work, we aim to explore and understand LLMs in per-
forming feature selection from a data perspective, offering
further insights and hints for the adaptation of LLM-based
feature selectors in real-world applications.

3. A DATA-CENTRIC TAXONOMY
Given a pre-trained LLM M , we follow the scoring-based
method proposed by [26], which prompt M to generate an
importance score si for the given feature/ concept fi in the
dataset d:

si = M(Pfi), i ∈ {1, ..., l}, (1)

where l is the total number of the features in dataset d. Pfi

refers to the specific prompt we use to generate the impor-
tance score. We will discuss two methods for constructing
prompts in Sections 3.1 and 3.2, each focusing on different
capabilities of LLMs. Figure 2 demonstrates the detailed
prompting strategy for each of them.

3.1 Data-driven Feature Selection
Recently, LLMs have been employed to directly handle nu-



meric data, demonstrating their capabilities in numerical
prediction and analytics [18; 27]. Therefore, we build a data-
driven feature selection method with LLMs by providing
both features’ value nfi and the value of the target variable
ny. Intuitively, LLMs are supposed to infer the correlation
and perform statistical analysis to determine the importance
of the given feature in the dataset.

To be more specific, assume there are m samples available
in the dataset d, we first build the sample pairs SPi using
values of the ith feature and target variable:

SPi = {(nj
fi
, nj

y)}, i ∈ {1, ..., l}, j ∈ {1, ...,m}. (2)

Then, we curate the prompt Pfi using SPi as few-shot ex-
amples and other instruction context C:

PData
fi = prompt(C, SPi), (3)

here prompt is a function to concatenate the information
and build a fluent instruction for LLMs.

3.2 Text-based Feature Selection
Another line of work [8; 26] tries to employ the extensive
semantics knowledge in LLMs [33] to perform feature se-
lection. Specifically, they incorporate detailed dataset de-
scriptions in the prompt, instructing LLMs to semantically
distinguish the importance of a given feature using their in-
herent knowledge and experience.

In our studies, we consider two concrete descriptive contexts:
dataset description (desd) and feature description (desfi).
The dataset description includes the task’s objective, details
about the dataset’s collection, and an explanation of the
target variable. The feature description focuses on detailing
and clarifying the feature to be scored.

Formally, we build prompts by integrating the abovemen-
tioned information:

PText
fi = prompt(C, desd, desfi). (4)

We give specific instruction examples for the two feature
selection methods in Appendix A.

4. ANALYSES

4.1 Experiment Settings
In this section, we evaluate the performance of the LLM-
based feature selection methods using various datasets and
models.

Models. Below are the LLMs used in our experiment.

• LLaMA-2 [58]: 7B parameters.

• LLaMA-2 [58]: 13B parameters.

• ChatGPT [45]: ∼175B parameters1.

• GPT-4 [1]: ∼1.7T parameters1.

We use the “gpt-4-turbo-2024-04-09” and “gpt-3.5-turbo-
0125 models via API calling. For LLaMA-2, we do local
inference with the checkpoints available from Huggingface,
namely “llama-2-70b-chat-hf” and “llama-2-13b-chat-hf”.

Compared Methods As the main methods to be analyzed
in this section, we use “w/ data” and “w/ text” to represent

1∼ denotes the estimated size [26] of closed-source LLMs

the data-driven and text-based feature selection methods.
We also compare the LLM-based feature selection methods
with the following traditional feature selection baselines:

• Filtering by Mutual Information (MI) [32].

• Recursive Feature Elimination (RFE) [21].

• Minimum Redundancy Maximum Relevance selection
(MRMR) [11].

• Random feature selection.

Dataset # of samples # of features
Adult 48842 14
Bank 45211 16
Communities 1994 102
Credit-g 1000 20
Heart 918 11
Myocardial 686 92
Diabetes 442 20
NBA 538 28
Rideshare 5000 18
Wine 6497 11

Table 1: Statistics of the datasets used.

Datasets. In our evaluation, we consider both classification
and regression tasks. For the classification task, we use six
datasets: Adult [2], Bank [44], Communities [50], Credit-
g [28], Heart2 and Myocardial [16]. For the regression task,
we use four datasets: Diabetes [13], NBA3, Rideshare4 and
Wine [2]. Detailed statistics of datasets are given in Table 1.

Implementation Details. For each dataset, we fix the
feature selection ratio to 30%. We vary the data availability
for evaluations with 16-shot, 32-shot, 64-shot, and 128-shot
configurations. The test performance is measured using a
downstream L2-penalized logistic/ linear regression model,
selected via grid search with 5-fold cross-validation. We use
the area under the ROC curve (AUROC) to evaluate classi-
fication tasks and mean absolute error (MAE) for regression.

4.2 Result Analysis
We present our main experimental results in Figure 3 and
Figure 4 for analyzing, and highlighting the following find-
ings for answering the Research Question:

Finding 1: Text-based feature selection is more ef-
fective than data-driven ones with LLMs in low-
resource settings. As results demonstrated in Figure 3
(a), almost in every LLM and task (except LLaMA-2-7B
in classification), the performance of small machine learn-
ing models with the text-based feature selection method
surpasses that of the data-driven feature selection method.
This finding is consistent when we delve into feature selec-
tion methods’ performance in each data availability, as de-
picted in Figure 4. Additionally, in Figure 3 (a), we notice
for the same LLM, the text-based feature selection method

2https://kaggle.com/datasets/fedesoriano/heart-failure-
prediction
3https://www.kaggle.com/datasets/bryanchungweather/nba-
player-stats-dataset-for-the-2023-2024
4https://www.kaggle.com/datasets/aaronweymouth/nyc-
rideshare-raw-data

https://kaggle.com/datasets/fedesoriano/heart-failure-prediction
https://kaggle.com/datasets/fedesoriano/heart-failure-prediction
https://www.kaggle.com/datasets/bryanchungweather/nba-player-stats-dataset-for-the-2023-2024
https://www.kaggle.com/datasets/bryanchungweather/nba-player-stats-dataset-for-the-2023-2024
https://www.kaggle.com/datasets/aaronweymouth/nyc-rideshare-raw-data
https://www.kaggle.com/datasets/aaronweymouth/nyc-rideshare-raw-data


Figure 3: (a) Average AUROC (left; higher is better) and ranking by MAE (right; lower is better) across all datasets. (b)
Each LLM’s feature selection results, separated by task types (CLS and REG) and selection methods (w/sample and w/text).

usually leads to a smaller standard variant among various
data availability settings. This further underscores the ro-
bustness and independence of the text-based feature selec-
tion method with respect to sample size.

AUROC Ranking by MAE
MI 0.779 1.75
RFE 0.758 3.50
MRMR 0.798 2.25
GPT-4 w/text 0.783 2.50

Table 2: Feature selection results in the full dataset with
traditional data-driven methods and “GPT-4 w/text”.

Finding 2: Text-based feature selection with the
most advanced LLMs achieves comparable perfor-
mance with traditional feature selection methods in
every data availability setting. In Figure 3 (a), we
observe that while GPT-4 with the text-based feature se-
lection method performs slightly below the best traditional
method (MRMR), it still demonstrates comparable perfor-
mance, making it a competitive feature selection method
in few-shot scenarios. However, when the LLM backbone
is switched to less capable models, such as LLaMA, the
text-based selection method shows a significant performance
drop. Additionally, we experiment on the full dataset using
‘GPT-4 w/text’ alongside three traditional feature selection
methods, and found that GPT-4 with the text-based method
remains competitive even in the full-shot scenario.

Finding 3: Data-driven feature selection using LLMs
struggles when number of samples increases. An in-
teresting phenomenon we observed is a significant perfor-
mance drop in the classification task when the sample size
increases from 64 to 128 using the data-driven feature se-

lection method (Figure 3 (b)). This drop is consistently
observed across all four LLMs, indicating that each model
generates poorer feature subsets as the sample size grows.
We attribute this issue to LLMs struggling with processing
long sequences, a challenge highlighted in many previous
studies [12; 39]. This limitation constrains the effectiveness
of data-driven feature selection, which is why we did not
include it in the full-shot experiment.

Finding 4: Text-based feature selection exhibits a
stronger scaling law with model size compared to
data-driven feature selection with LLMs. We investi-
gated how scaling laws in model size affect feature selection
capabilities. In Figure 3 (b), we observe a clear correlation
between the size of LLMs and their text-based feature se-
lection capabilities. In contrast, while GPT-4 shows signifi-
cantly superior performance in data-driven feature selection,
the other three LLMs do not clearly follow the scaling law.
This suggests that text-based feature selection is a reliable
approach that can be enhanced by using powerful LLMs.

5. SURVIVAL PREDICTION - A CASE STUDY
We use a biomedical task to showcase the utilization of
LLMs-based feature selection in real-world applications. Sur-
vival time prediction [56; 66] aims to predict cancer patients’
survival time based on their physical and physiological indi-
cators, playing a critical role in patient risk management and
boosting treatment selection. One of the significant chal-
lenges in survival prediction datasets is the huge volume
of features (e.g., there are around 20,000 gene expression
features in the TCGA [56] dataset). While previous stud-
ies performed data-driven feature selection methods such
as principal component analysis (PCA) to address this is-
sue [67], as we mentioned in Section 1, It would cause serious



Figure 4: (a) Each feature selection method’s results in the classification task, categorized by different LLMs; for each method,
we add an error bar to represent its standard variant among various data availabilities. (b) Each feature selection method’s
results in the regression task, categorized by different LLMs. In each sub-figure, we include the average performance of
traditional data-driven methods and the random selection method for comparison.

privacy concerns for both patients and hospitals.

Impressed by the competitive performance and sample-free
nature of text-based feature selection with LLMs, here we
adopt it in the survival prediction application. In our pre-
liminary experiments, we found LLMs have difficulties in di-
rectly understanding the domain-specific feature name (e.g.,
gene ID). Therefore, we borrow insights from retrieval-aug-
mented generation (RAG) with LLMs [15; 7; 34] and pro-
pose Retrieval-Augmented Feature Selection (RAFS) to
efficiently handle these biomedical-specific feature names.
Specifically, we retrieve meta information (e.g., official full
name, summary and annotation information) about each
feature name from the online National Center for Biotech-
nology Information (NCBI)5 and provide this information to
LLMs as the support document for better feature selection.

5.1 Experiment Settings
We conduct experiments using the Lung Adenocarcinoma
(LUAD) dataset in The Cancer Genome Atlas (TCGA) bench-
mark [56]. Akin to [67], we use clinical indicators and gene
expression as the full feature set and fix the feature selec-
tion ratio to be 30%. We use PriorityLasso [29] as our
machine learning backbone and report three metrics: An-
tolini’s Concordance (Antolini’s C) [56], Integrated Brier
score (IBS) [17] and D-Calibration (D-CAL) [22], all of which
are commonly-used metrics for survival prediction.

5.2 Result Analysis
As the results show in Table 3, we find that even train-
ing the model on a randomly selected subset yields slightly
better performance than training on the full feature set.
This implies the huge volume of features in TCGA-LUAD
negatively impacts model performance, highlighting the im-
portance of feature selection. Moreover, we notice feature

5https://www.ncbi.nlm.nih.gov/

Antolini’s C↑ IBS↓ D-CAL↓
PriorityLasso 0.6306 0.1863 1.8518

w/ random 0.6516 0.1833 2.0255
w/ RAFS 0.6566 0.1830 1.7666

Table 3: Experiment results in TCGA-LUAD. We add ran-
dom selection as the baseline to compare our RAFS with.

selection with our RAFS leads to significant performance
improvements and consistently outperforms the random se-
lection baseline. These findings suggest that RAFS is an
effective approach for handling privacy-sensitive and large-
scale biomedical datasets.

6. OUTLOOK
In this section, we discuss potential opportunities for LLMs
in feature selection, aiming to provide guidelines and hints
for future works.

Synergy of LLMs-based and traditional feature se-
lection. As we discuss in Sections 1 and 4.2, text-based
feature selection with LLMs is competitive and resource-
efficient compared with traditional feature selection meth-
ods. However, each approach relies on different sources of
information—specific samples or context descriptions to per-
form feature selection. This diversity in information utiliza-
tion makes them complementary. It would be valuable to
explore how to combine text-based and traditional feature
selection methods to create more effective and robust fea-
ture selection systems across various data availability sce-
narios. Also, it would be interesting to explore the synergy
of text-based and data-driven methods to further enhance
LLMs-based feature selection under resource constrains.

Data-driven analysis with Agentic LLMs. In Sec-
tion 4.2, we conclude that poor statistical inference capabil-

https://www.ncbi.nlm.nih.gov/


ities in long-sequence input hinder LLMs in data-driven fea-
ture selection. While this finding implies the sole adaptation
of LLMs may not be enough for performing data-driven fea-
ture selection, the introduction of agent-based LLMs should
be considered as an alternative [68; 61]. These methods
equip LLM with various tools [47; 70; 51] and APIs [48; 41],
enabling them to execute actions and plans to solve com-
plex and multi-step problems. However, there are only a
few works that focus on the development of agentic LLMs
as data engineers and analytics [25; 14; 59], for actively
performing various features or data processing with the as-
sistance of statistical tools or software. Research in this di-
rection will be valuable for enhancing and evaluating LLMs
from analytical and statistical perspectives.

Foundation models for feature/data engineering. Many
recent works have developed various foundation models in
many data mining and machine learning fields, such as graph
learning [38; 43; 69] and time series prediction [49; 27]. A
large foundation model for feature/ data engineering should
be able to understand different types of information from
the datasets and perform efficient manipulation and process-
ing [9] to prepare appropriate data for downstream models/
applications. Developing such a foundation model would
greatly benefit the data mining and machine learning com-
munities by providing a unified, easy-to-use interface for
complex data processing tasks.

7. CONCLUSION
In this study, we explore feature selection methods based
on LLMs from a data-centric perspective. We categorize
existing LLM-based feature selection approaches into two
main types: data-driven, which relies on statistical infer-
ence from specific samples, and text-based, which utilizes
the extensive knowledge of LLMs for semantic association.
Our experiments and analyses reveal that text-based fea-
ture selection with LLMs outperforms data-driven methods
in terms of effectiveness, stability, and robustness. Based
on these findings, we introduce a Retrieval-Augmented Fea-
ture Selection (RAFS) method designed to manage large
volumes of domain-specific feature candidates in the con-
text of cancer survival time prediction. Additionally, we
provide a comprehensive analysis of the current challenges
and potential opportunities at the intersection of LLMs and
feature selection/engineering in Section 6, aiming to offer
insights and guidance for future research in this area.
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nia, N. V. Hassen, A. Schneider, et al. Lag-llama: To-
wards foundation models for time series forecasting.
arXiv preprint arXiv:2310.08278, 2023.

[50] M. Redmond. Communities and Crime. UCI
Machine Learning Repository, 2009. DOI:
https://doi.org/10.24432/C53W3X.

[51] T. Schick, J. Dwivedi-Yu, R. Dess̀ı, R. Raileanu,
M. Lomeli, E. Hambro, L. Zettlemoyer, N. Cancedda,
and T. Scialom. Toolformer: Language models can
teach themselves to use tools. Advances in Neural In-
formation Processing Systems, 36, 2024.

[52] L. Song, A. Smola, A. Gretton, J. Bedo, and K. Borg-
wardt. Feature selection via dependence maximization.
Journal of Machine Learning Research, 13(5), 2012.

[53] Z. Tan, A. Beigi, S. Wang, R. Guo, A. Bhattacharjee,
B. Jiang, M. Karami, J. Li, L. Cheng, and H. Liu. Large
language models for data annotation: A survey. arXiv
preprint arXiv:2402.13446, 2024.

[54] Z. Tan, J. Peng, T. Chen, and H. Liu. Tuning-free ac-
countable intervention for llm deployment–a metacog-
nitive approach. arXiv preprint arXiv:2403.05636,
2024.

[55] R. Tibshirani. Regression shrinkage and selection via
the lasso. Journal of the Royal Statistical Society Series
B: Statistical Methodology, 58(1):267–288, 1996.

[56] K. Tomczak, P. Czerwińska, and M. Wiznerowicz.
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APPENDIX
A. DETAILED INSTRUCTION

/* Main System Prompt */
For the given feature, your task is to provide a feature importance score (between 0 and 1; larger value indicates greater
importance).

/* Specific Sample Vlaues */
Here are some data points in the format of (feature value, target value), please refer to this to determine how informative
the feature is in predicting the target value:
(<0, no)
(no checking, no)
(<0, no)
(<0, no)
(0<=X<200, no)
(<0, no)
(>=200, no)
(<0, no)
(no checking, yes)
(no checking, yes)
(0<=X<200, yes)
(0<=X<200, yes)
(no checking, yes)
(0<=X<200, yes)
(0<=X<200, yes)
(<0, yes)

/* Output Format Instruction */
Here is an example:
“‘
Question: What is the importance score for the given feature
Answer: The importance score is 0.9
“‘

/* Main User Prompt*/
Question: What is the importance score for the given feature
Answer: The importance score is

Table 4: Detailed instruction for data-driven method in Credit-g dataset.



/* Dataset-specific Context */
Context: Using data collected at a German bank, we wish to build a machine learning model that can accurately predict
whether a client carries high or low credit risk (target variable). The dataset contains a total of 20 features (e.g., credit
history, savings account status). Prior to training the model, we first want to identify a subset of the 20 features that
are most important for reliable prediction of the target variable.

/* Main System Prompt */
For each feature input by the user, your task is to provide a feature importance score (between 0 and 1; larger value
indicates greater importance) for predicting whether an individual carries high credit risk and a reasoning behind how
the importance score was assigned.

/* Output Format Instructions */
The output should be formatted as a JSON instance that conforms 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”: {”reasoning”: {”title”: ”Reasoning”,
”description”: ”Logical reasoning behind feature importance score”, ”type”: ”string”}, ”score”: {”title”: ”Score”,
”description”: ”Feature importance score”, ”type”: ”number”}}, ”required”: [”score”]}
“‘
/* Demonstration */
Here is an example output:
-Variable: Installment rate in percentage of disposable income
{”reasoning”: ”The installment rate as apercentage of disposable incomeprovides insight intoa person’s financial
responsibility and capability.This percentage can be seen as a measure of how much of a person’s available income
is committed to repaying their debts. If this rate is high, it might indicate that the person is taking more debt than
they can comfortably repay and may hint a talack off inancial responsibility, implyinghigher credit risk. If this rate
is low, it likely indicates that the person can manage their current financial obligations comfortably, implying
lowercredit risk. Thus, the score is 0.9.”, ”score”: 0.9}

/*Main User Prompt*/
Provide a score and reasoning for ”Status of existing checking account, in Deutsche Mark.” formatted according to the
output schema above:

Table 5: Detailed instruction for text-based method in Credit-g dataset.


	Introduction
	Related Work
	Feature Selection
	Feature Selection with LLMs

	A Data-centric Taxonomy
	Data-driven Feature Selection
	Text-based Feature Selection

	Analyses
	Experiment Settings
	Result Analysis

	Survival Prediction - A Case Study
	Experiment Settings
	Result Analysis

	Outlook
	Conclusion
	REFERENCES 
	Detailed Instruction

