The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

The Semantic Architect: How FEAML Bridges Structured Data and LLMs for
Multi-Label Tasks

Wanfu Gao'?, Zebin He'!?, Jun Gao'?*

!College of Computer Science and Technology, Jilin University, China
2Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education, Jilin University, China
gaowf@jlu.edu.cn, hezb2121 @mails.jlu.edu.cn, gaocheng23 @mails.jlu.edu.cn

Abstract

Existing feature engineering methods based on large lan-
guage models (LLMs) have not yet been applied to multi-
label learning tasks. They lack the ability to model complex
label dependencies and are not specifically adapted to the
characteristics of multi-label tasks. To address the above is-
sues, we propose Feature Engineering Automation for Multi-
Label Learning (FEAML), an automated feature engineer-
ing method for multi-label classification which leverages the
code generation capabilities of LLMs. By utilizing metadata
and label co-occurrence matrices, LLMs are guided to un-
derstand the relationships between data features and task ob-
jectives, based on which high-quality features are generated.
The newly generated features are evaluated in terms of model
accuracy to assess their effectiveness, while Pearson correla-
tion coefficients are used to detect redundancy. FEAML fur-
ther incorporates the evaluation results as feedback to drive
LLMs to continuously optimize code generation in subse-
quent iterations. By integrating LLMs with a feedback mech-
anism, FEAML realizes an efficient, interpretable and self-
improving feature engineering paradigm. Empirical results
on various multi-label datasets demonstrate that our FEAML
outperforms other feature engineering methods.

Datasets — https://github.com/hezb2121/FEAML-Datasets

Introduction

In recent years, large language models (LLMs) have demon-
strated remarkable general capabilities across various ma-
chine learning tasks, particularly in the field of feature engi-
neering (Han et al. 2024; Mann et al. 2020; Zhao et al. 2023).
Their powerful semantic understanding and code generation
abilities make them valuable tools for automating feature
processing (Dinh et al. 2022). As illustrated in Figure 1, ex-
isting research has begun exploring the use of LLMs for fea-
ture construction and selection on structured data, showing
promising results in single-label classification and regres-
sion tasks (Hollmann, Miiller, and Hutter 2023). However,
most of these studies focus on learning scenarios involving
a single output variable and systematic exploration in the
more complex domain of multi-label classification remains
limited.
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Figure 1: Automated Feature Engineering Workflow. Nat-
ural language requests are translated into code via LLMs,
enabling automatic preprocessing and feature generation.

Multi-label classification is widely present in real-world
applications such as image annotation (Mao, Rui, and Zhang
2025; Hao et al. 2024b), text classification (Hang and Zhang
2024) and information retrieval (Yang, Tang, and Zhang
2025), where each instance is typically associated with mul-
tiple labels (Zhou et al. 2025). Compared to traditional
single-label classification, multi-label tasks are more chal-
lenging due to complex inter-label dependencies, a com-
binatorially large label space and limited training data, of-
ten leading to model overfitting (Liu and Tsang 2015; Mao,
Hang, and Zhang 2024; Han et al. 2025a). As a result,
feature engineering becomes especially critical in multi-
label scenarios. Nevertheless, traditional feature engineer-
ing methods typically rely on manual design and fixed tem-
plates, which are insufficient to address the requirements.

To address the issue in multi-label feature engineering, we
propose Feature Engineering Automation for Multi-Label
Learning (FEAML). To the best of our knowledge, FEAML
is the first method to systematically introduce LLMs into
this domain. FEAML adopts a prompt-driven, closed-loop
design for feature generation and evaluation. The prompt
construction is guided by two complementary sources: (1)
structured metadata extracted from the dataset, such as fea-



ture types, missing rates and label distributions; (2) a label
co-occurrence matrix that captures inter-label dependencies.
The above information is translated into natural language
prompts and input into the LLMs to generate Python code
for feature construction.

FEAML statically validates the generated code for safety
before executing it dynamically via exec function to pro-
duce new features, which are then merged with the origi-
nal dataset. Lightweight models are used to decide whether
to retain each new feature for multi-label classification.
To avoid redundancy and dimensional explosion, FEAML
also computes the Pearson correlation (p) between new and
original features, discarding any feature with |p| > 0.95.
Through this closed-loop process of generation, evalua-
tion and selection, FEAML constructs an efficient, robust
and generalizable feature space that significantly enhances
downstream multi-label learning performance.

In summary, the principal contributions of this work are
outlined as follows:

e A pioneering and systematic integration of LLMs into
the domain of multi-label feature engineering, effectively
addressing a long-standing research gap and laying the
groundwork for future advancements in automated fea-
ture construction.

The development of standardized multi-label adaptations
for a suite of representative structured datasets, thereby
furnishing a comprehensive and reusable benchmark re-
source to facilitate rigorous empirical studies in multi-
label learning.

Extensive empirical evaluation of the proposed FEAML
method, which consistently surpasses conventional
methodologies across a range of tasks and performance
metrics, demonstrating not only superior predictive capa-
bility but also robust generalization and strong practical
utility.

Related work
Multi-label Learning

Multi-label learning tasks face a significant challenge due to
their large output space (Gouk, Pfahringer, and Cree 2016;
Han et al. 2025b). Unlike traditional single-label classifica-
tion, multi-label learning allows each instance to be asso-
ciated with multiple labels simultaneously, resulting in an
exponential increase in the number of possible label com-
binations (Gong, Demmel, and You 2023; Jia et al. 2023).
Given a total of L labels, the potential label combination
space size is 2. This combinatorial explosion makes it dif-
ficult for training data to cover all possible label sets, caus-
ing severe data sparsity issues (Liu et al. 2025; Hao, Liu,
and Gao 2024). To address the above issues, leveraging la-
bel correlations has become a widely adopted strategy to
improve learning effectiveness. Generally, existing methods
can be grouped into three categories based on the order of
label dependencies they consider: first-order, second-order
and high-order approaches. First-order methods treat each
label independently (Boutell et al. 2004; Zhang et al. 2018).
Second-order methods model pairwise interactions between
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labels (Brinker, Mencia, and Fiirnkranz 2014; Hao et al.
2024a). High-order methods capture dependencies among
subsets or the entire set of labels (Huang et al. 2019; Read
etal. 2011).

FEAML belongs to the category of high-order methods.
It constructs a label co-occurrence matrix and leverages its
statistical patterns to generate structured prompts, which
guide LLMs in generating task-relevant features. In addi-
tion, FEAML computes the Pearson correlation coefficients
between the newly generated features and the labels to as-
sess their discriminative capability across different label di-
mensions. By doing so, FEAML effectively captures the un-
derlying relationships among labels, thereby enhancing both
the discriminability and diversity of the generated features.

Feature Engineering with LLMs

Recent studies have increasingly investigated the use of
LLMs to automate various stages of feature engineering.
While these efforts demonstrate the potential of LLMs in
this domain, the current body of research primarily empha-
sizes feasibility exploration rather than the development of
comprehensive, scalable methodologies. The applications of
LLMs are largely concentrated in rule extraction and fea-
ture generation. FeatLLM (Han et al. 2024) introduces a
pipeline in which LLMs are employed to extract feature
construction rules, which are subsequently applied to lin-
ear regression tasks. Although this approach illustrates a vi-
able path toward automated feature engineering, the gener-
ated features are predominantly binary and specifically de-
signed for linear models, thereby limiting their applicability
in broader machine learning scenarios. CAAFE (Hollmann,
Miiller, and Hutter 2023) adopts a more straightforward ap-
proach by combining prompt-based guidance with iterative
interactions between LLMs and a tabular prediction model.
This semi-automated framework simplifies the feature engi-
neering process and lowers the entry barrier for non-expert
users. However, the effectiveness of the resulting features
is highly dependent on prompt quality and lacks systematic
optimization. ELLM-FT (Gong et al. 2025) explores the in-
tegration of LLMs with reinforcement learning techniques
to guide feature expansion. In this method, LLMs serve as
policy advisors, suggesting strategies for evolving feature
representations. Despite its potential, this method involves
complex policy design and incurs significant computational
overhead. OCTree (Nam et al. 2024) proposes a decision-
tree-inspired approach that first generates candidate feature
names and then derives transformation rules accordingly.
This method enhances the relevance and effectiveness of
feature generation by streamlining the reasoning process and
has demonstrated strong performance in task-specific sce-
narios.

In summary, existing LLMs-based feature engineering
methods have focused exclusively on single-label tasks and
have not addressed the challenges unique to multi-label
learning, such as complex label dependencies and the need
for more expressive feature representations. FEAML is pro-
posed to address this underexplored problem. It not only
leverages LLMs to generate high-quality and interpretable
feature code but also utilizes label co-occurrence matrices
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Figure 2: An overview of the proposed FEAML method. The method integrates structured metadata and label co-occurrence
statistics to construct context-aware prompts, which guides LLMs in generating transformation code for automated feature
engineering. FEAML includes modules for metadata extraction, prompt generation, code verification, feature evaluation and
feedback-driven optimization, forming a closed-loop pipeline for multi-label classification tasks.

and feature-label correlation analysis to guide feature gen-
eration and selection, making it better suited for multi-label
tasks.

Our Proposed Method
Problem Definition

Let D {(zs,y:)}Y, denote the multi-label training
dataset, where z; € RS is the input feature vector of sam-
ple i, and y; € {0, 1} is the associated binary label vector.
Each z; can also be interpreted as an ordered set of S el-
ements representing structured attributes. The label vector
Yi = [Yi1,¥i2, .., Yir] consists of L binary values, where
yi; = 1 indicates that the j-th label is relevant to sample i,
and y;; = 0 indicates irrelevance. The objective of multi-
label learning is to learn a function f : R® — {0, 1}* that
accurately predicts the relevant label set for an unseen in-
stance.

Overall Framework

As shown in Figure 2, FEAML integrates structured meta-
data and label co-occurrence statistics to construct context-
aware natural language prompts, which are used to guide
LLMs in performing automated feature engineering. Specif-
ically, the method first extracts structured metadata from the
original dataset, including feature names, data types, miss-
ing rates and statistical properties. These metadata are con-
verted into natural language templates that provide field-
level semantic and statistical context, enabling LLMs to gen-
erate appropriate transformation code, such as normalization
and discretization. In parallel, FEAML constructs a label
co-occurrence matrix to quantify joint frequencies and con-
ditional probabilities among label pairs, revealing potential
inter-label dependencies. This statistical information is fur-
ther embedded into high-level reasoning prompts to instruct
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the LLMs in generating interaction-based or ratio-based fea-
tures that reflect label dependencies.

Once all prompts are constructed, they are fed into the
LLMs, which automatically generates structured and exe-
cutable Python code to perform various feature transforma-
tion and derivation operations. To ensure runtime safety and
stability, the generated code undergoes static analysis and
sandbox verification, allowing only safe and compliant func-
tions to be executed. The verified code is then run to produce
candidate features.

These candidate features are merged with the original fea-
tures to form an expanded feature space. FEAML employs
lightweight models such as Random Forests and XGBoost
to evaluate each new feature, assessing its impact on perfor-
mance metrics such as Accuracy and Hamming Loss. Only
features that yield measurable performance improvements
are retained, while others are discarded.

To continuously enhance feature generation quality,
FEAML incorporates a closed-loop feedback mechanism
that dynamically adjusts prompting strategies based on eval-
uation results. Ineffective prompts are penalized, and tem-
plate formats are optimized to improve the relevance and
diversity of subsequent prompts.

In summary, FEAML establishes a fully automated, end-
to-end feature engineering pipeline—from metadata extrac-
tion, prompt construction, and code generation, to feature
evaluation and feedback optimization. This pipeline signif-
icantly reduces manual effort and demonstrates strong sta-
bility and modeling efficiency in multi-label classification
tasks.

Prompt Design for Feature Generation

Structured Metadata Prompts. After obtaining the
multi-label dataset, we construct a standardized structured



The dataframe "df" is loaded and in memory. Columns are
also named attributes {TASK}

The detailed information of the dataset features are as
follows:{features}

The following are the first ten rows of the dataset:{samples}

occurrence probabiliti ditional likelihoods between
label p
The fol

exhibit

na

g
strong co-occurrence patterns:{co-occurrence}

g are selected high-correlation label pairs that

es using only inpu
mbination

nclude c
columns. C

Code formatting for each added column

" python

# (Feature name and description)

# Usefulness: (Why this helps classify multi-label targets "{',
' join(target_attr)}")

# Input samples: (Three samples of the columns used in the
following code, e.g. {df.columns[0]}" {list(df.iloc[:3, O].values)},
{df.columns[1]}" {list(df.iloc[:3, 1].values)}, ... )
(Some pandas code using {df.columns[0]}, {df.columns[11}, ...
to add a new column for each row in df)
“end

Figure 3: Prompts used for feature generation: the blue
text indicates structured meta-information prompts; the or-
ange text represents label co-occurrence matrix prompts; the
green text is designed to enhance LLMs reasoning; the red
text guides structured output.

metadata prompt to assist LLMs in understanding the task
objectives and data structure. As shown in the blue text in
Figure 3, this prompt consists of three core components:
task description, feature descriptions and raw data exam-
ples. First, the task description part concisely summarizes
the task goal in natural language and clearly states that it
is a multi-label classification task. For example, taking the
bank dataset as an example, the task is described as follows:
Predict multiple financial-related attributes such as whether
the client subscribed to a term deposit, has a housing loan or
a personal loan, using customer profile data from telemar-
keting campaigns. Next, the feature descriptions provide a
structured summary for each input attribute, including field
names, data types and statistical properties. For categorical
fields, their value ranges and frequencies are also provided.
For instance, the feature famsize takes values LE3 and GT3,
with proportions of 33.5% and 66.5%, respectively. Finally,
we directly embed the first ten rows of the dataset in tabular
form. Each row contains complete feature values along with
the corresponding label information. This structured presen-
tation enables the LLMs to intuitively observe the actual data
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distribution and label annotation patterns, thereby facilitat-
ing a better understanding of the task requirements.

Label Co-occurrence Prompts. An essential component
of the FEAML method is the use of label co-occurrence
statistics to guide the construction of semantically meaning-
ful prompts for the LLMs. To capture inter-label dependen-
cies, we compute a label co-occurrence matrix that quanti-
fies the joint frequency and conditional probabilities of la-
bel pairs across the training data. Specifically, given a bi-
nary label matrix Y € {0,1}"*%, where n is the number
of instances and L is the number of labels, the label co-
occurrence matrix C € RE*E is defined as:

1 n

Cij =~ I;I[[Ykz LAYy = 1], 40
where C;; represents the empirical joint probability that
both label ¢ and label j appear in the same instance. I[-] is the
indicator function. Additionally, we compute the conditional
probability:

C.
P(li) = =t 2
619 = 57— @
where P(j | i) denotes the probability of label j being
present given that label i is active.

After computing the label co-occurrence matrix, we in-
corporate the co-occurrence and conditional probability in-
formation as label correlation prompts for the LLMs. It can
be found in the orange-colored text in Figure 3. This pro-
vides the LLMs with a semantic context of the global label
structure, enriching the depth and hierarchy of the prompt
information.

Reasoning Part. As shown in the green section of Fig-
ure 3, this prompt clearly guides the model to generate addi-
tional features that are useful for multi-label classification,
with a particular emphasis on considering relationships be-
tween labels while strictly avoiding the use of the labels
themselves to prevent data leakage. It encourages extracting
valuable information from input features through combina-
tions, transformations and aggregations to enhance model
performance. The prompt also pays attention to feature us-
ability by avoiding the creation of object-type columns that
may cause issues for downstream models and relaxes restric-
tions on numerical scale, making feature construction more
flexible and practical.

Standardized Output. As shown in the red part of Fig-
ure 3, this structured output format explains how to gener-
ate code for each newly added feature. It consists of three
parts: first, the feature name and description; second, an ex-
planation of how the feature contributes to classifying the
multi-label targets; finally, three sample values from the in-
put columns used, along with the corresponding code snip-
pet that generates a new feature column for each row of the
dataset based on these inputs.

Code Generation and Execution

In the code execution phase, the generated Python code
strings are dynamically executed using the exec function.



Prior to execution, the code undergoes static safety checks
to ensure the absence of syntax errors and unsafe calls. Af-
ter execution via exec, the new features are added to the
DataFrame, thereby realizing the feature generation. This
process allows flexible execution of diverse feature trans-
formation code produced by LLMs, while ensuring runtime
safety and data integrity.

Feature Evaluation and Selection

After executing the generated Python code to obtain new
features, FEAML merges them with the original features
to form an expanded feature space. To assess the practical
value of these newly generated features, the method incor-
porates a systematic evaluation and selection mechanism to
ensure that only features with genuine predictive contribu-
tion are retained while redundant ones are filtered out.

During the evaluation phase, FEAML employs
lightweight models, such as Random Forests, to assess
the utility of each candidate feature. Specifically, for each
new feature f, it is appended to the original feature set X to
form an expanded feature set Xt = [X, f] and a model is
trained using cross-validation. The method then evaluates
the impact of including this feature on standard multi-label
classification metrics using Accuracy (Acc) and Hamming
Loss (HL). If the feature f leads to an improvement in at
least one core metric:

AAcc >0 or AHL <O,

it is marked as a potential candidate for retention.

However, performance improvement alone does not guar-
antee feature quality. To prevent overfitting caused by di-
mensional explosion, FEAML further integrates a redun-
dancy detection mechanism to analyze the overlap between
newly generated features and existing ones. This mechanism
primarily relies on Pearson correlation.

Let the new feature be f and any original feature be x;.
The Pearson correlation coefficient p(f, ;) is calculated as:

3

cov(f, x;)
O’fCTmi

p(f7 xi)

where cov(-,-) denotes covariance and o denotes standard
deviation. If there exists any ¢ such that

“

|p(f7 xz)' > 0957

then f is considered redundant and discarded.

By combining predictive performance evaluation and re-
dundancy analysis, FEAML can filter a large pool of gen-
erated features and retain only those that provide real value
and structural complementarity. These selected features not
only significantly improve predictive performance but also
demonstrate stable behavior across different data splits and
label configurations.

&)

Downstream Models Prediction

After multiple rounds of iterative feature generation,
FEAML filters out high-quality features from a large pool of
candidates—those that demonstrate strong predictive power,
structural complementarity, and minimal redundancy. These
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selected features are then combined with the original input
features to form an enhanced feature set, which serves as
the input for training downstream multi-label classification
models. This feature fusion approach effectively enriches
the model’s input representation and improves its ability to
capture complex label correlations.

Experiments
Experimental Setup

Datasets To evaluate the generalization ability and ro-
bustness of our proposed FEAML method in real-world
multi-label scenarios, we systematically adapt seven pub-
licly available structured datasets. These datasets are origi-
nally designed for single-label classification tasks. We trans-
form them into multi-label classification tasks. The transfor-
mation process incorporates domain knowledge and the re-
lationships between features and labels, enabling semantic
expansion and reconstruction of the label space to ensure
both task relevance and learning complexity.

These datasets are collected from platforms including
Kaggle (Howard 2024), UCI database (Public 2024b) and
OpenML (Public 2024a), covering various real-world do-
mains like social behavior, finance and healthcare. Table 2
summarizes the key characteristics of these datasets and the
number of constructed labels. Specifically, for each dataset,
we identify the primary target variable and constructed aux-
iliary labels based on features that are semantically related.
For example, in social behavior datasets such as adult and
student, we introduce labels such as “marital status”, “high
income” and “foreign residence” to simulate user profiling
scenarios with multi-dimensional attributes. In finance and
healthcare datasets such as credit-g and heart, we construct
labels related to credit risk or clinical symptoms to capture
the label dependencies commonly found in real-world deci-
sion systems.

For datasets containing continuous target variables, we
adopt discretization strategies like quantile binning and un-
supervised clustering to convert them into distinguishable
categorical labels. To ensure the presence of meaningful
multi-label relationships, we comput label co-occurrence
probabilities to filter representative and non-redundant label
combinations. Additionally, we apply resampling and label
smoothing techniques to alleviate class imbalance and im-
prove label coverage.

Evaluation Metrics We employ three widely used evalua-
tion metrics: Multi-label Accuracy, Hamming Loss and F1-
score. They together provide a comprehensive view of the
model’s predictive capabilities. Detailed definitions can be
found in (Zhang and Zhou 2013).

Baseline Methods We compare our method with 6 widely
used feature generation methods, including random gener-
ation and feature dimension reduction methods: (1) Base:
using the original dataset without feature generation. (2)
LDA (Blei, Ng, and Jordan 2003), which learns new features
through matrix factorization. (3) AFAT (Horn, Pack, and
Rieger 2019), which iteratively generates new features and
leverages multi-step feature selection to pick useful features.



Datasets

Methods adult bank  communities credit-g heart myocardial student
Accuracy T
Base 0.6183 0.6114 0.5238 0.4900 0.5018 0.1304 0.1772
LDA 0.6187 0.6141 0.5241 0.4878 0.5031 0.1205 0.1796
AFAT 0.6188 0.6156 0.5240 0.4901 0.5065 0.1265 0.1799
GRFG 0.6201 0.6194 0.5298 0.4955 0.5097 0.1331 0.1845
CAAFE 0.6251 0.6255 0.5301 0.4952 0.5101 0.1395 0.1887
FeatLLM 0.6274 0.6214 0.5344 0.5012 0.5094 0.1294 0.1954
FEAML(Ours) 0.6312 0.6319 0.5478 0.5101 0.5201 0.1355 0.1962
Hamming Loss |
Base 0.2726 0.2135 0.0685 0.0983 0.1766 0.1299 0.2151
LDA 0.2720 0.2127 0.1246 0.0980 0.1756 0.1301 0.2149
AFAT 0.2719 0.2128 0.0791 0.0980 0.1742 0.1302 0.2142
GRFG 0.2439 0.2145 0.0653 0.0951 0.1759 0.1288 0.2196
CAAFE 0.2456 0.2398 0.0651 0.0946 0.1743 0.1294 0.2188
FeatLLM 0.2533 0.2067 0.0644 0.0956 0.1798 0.1275 0.2174
FEAML(Ours) 0.2385 0.2021 0.0632 0.0888 0.1740 0.1277 0.2094
F1-score(micro) 1
Base 0.8690 0.6367 0.9279 0.8613  0.8759 0.6788 0.8039
LDA 0.8688 0.6368 0.9281 0.8645 0.8761 0.6881 0.8123
AFAT 0.8691 0.6371 0.9281 0.8753 0.8766 0.6871 0.8234
GRFG 0.8692 0.6377 0.9231 0.8759 0.8712 0.6854 0.8345
CAAFE 0.8720 0.6213 0.9256 0.8812  0.8777 0.6813 0.8254
FeatLLM 0.8723 0.6534 0.9271 0.8832  0.8823 0.6743 0.8134
FEAML(Ours) 0.8867 0.6724 0.9286 0.8954 0.8923 0.6978 0.8477

Table 1: Performance comparison of different feature generation methods across multiple multi-label datasets. Results are eval-
uated using Accuracy (higher is better), Hamming Loss (lower is better) and F1-score (higher is better). FEAML consistently
achieves competitive performance, demonstrating the effectiveness of LLMs-assisted feature generation.

Dataset #Samples #Features #Labels
adult 48,842 11 4
bank 45211 13 2
communities 1,994 94 9
credit-g 1,000 19 6
heart 918 10 2
myocardial 686 85 16
student 395 26 7

Table 2: Summary of datasets used in multi-label classifica-
tion

(4) GRFG (Wang et al. 2023), which leverages cascading
agents and feature group crossing to generate new features.
(5) CAAFE (Hollmann, Miiller, and Hutter 2023), which
constructs features based on linguistic context using large
language models. (6) FeatLLM (Han et al. 2024), which en-
hances large language models’ contextual learning through
few-shot learning.
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Overall Performance

Table 1 presents the performance comparison of various
feature generation strategies across multiple multi-label
datasets. The experimental results show that features gen-
erated by LLMs significantly enhance the predictive perfor-
mance, particularly in capturing complex label dependen-
cies. Among all methods, our proposed method FEAML,
consistently achieves superior results on 6 datasets, demon-
strating strong stability and generalization ability. Compared
to existing methods, FEAML exhibits better representation
capability in terms of Accuracy, improved predictive power
measured by F1-score, with fewer prediction errors reflected
by Hamming Loss, confirming its effectiveness in improving
multi-label classification performance.

In summary, the LLMs-driven feature generation strategy
adopted by FEAML can effectively extract implicit semantic
information from structured data, offering a more robust and
generalizable solution for multi-label learning tasks.

Ablation Study

To evaluate the contributions of different components in the
proposed FEAML method, we conduct ablation experiments
on four representative datasets: adult, bank, communities



and credit-g. Specifically, we compare the following vari-
ants:

* w/o Structured Metadata Prompts: Removes prompts
containing statistical and semantic information about fea-
tures. The LLMs can only generate features based on
raw data without field-specific context. This variant is re-
ferred to as "FEAMLA+".

w/o Label Co-occurrence Prompts: Disables the use
of label co-occurrence statistics in prompt construction,
preventing the LLMs from capturing label dependen-
cies in feature generation. This variant is referred to as
"FEAML-".

Full FEAML (Ours): The complete framework that in-

tegrates all modules including structured prompts and
label-aware reasoning.

We report Hamming Loss using XGBoost as the down-
stream classifier. Figure 4 summarizes the performance un-
der each setting.
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(c) communities (d) credit-g

Figure 4: Results of ablation studies on different datasets.

The experimental results clearly indicate that both struc-
tured metadata and label co-occurrence prompts signifi-
cantly enhance model performance. The absence of either
component leads to performance degradation, confirming
their complementary roles in multi-label feature engineer-
ing. Further analysis reveals that the omission of label co-
occurrence prompts results in a more pronounced increase in
Hamming Loss compared to the absence of structured meta-
data, demonstrating that label co-occurrence prompts play a
more critical role in improving model performance.

Comparison on Different Downstream Tasks

To evaluate the adaptability and effectiveness of the pro-
posed method, we compare its performance across differ-
ent downstream machine learning models, including Ran-
dom Forest, XGBoost, Support Vector Machines (SVM),
and MLKNN (Zhang and Zhou 2007). The experiment is
conducted on the adult dataset. As shown in Table 3, the
proposed method performs well across different downstream
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models. This highlights the method’s ability to generate
high-quality features whose effectiveness is not dependent
on the complexity of the task or the choice of downstream
model. Furthermore, it demonstrates the method’s adaptabil-
ity to various modeling requirements and its potential for
broad applications in the field of feature generation.

Methods | RF XGB SVM  MLKNN
Base 0.6062 0.6276 0.5829  0.5469
LDA 0.6115 0.6478 0.6059  0.6387
AFAT 0.5945 0.6520 0.5603  0.6335
CAAFE | 0.6233 0.6430 0.5970  0.6115
FEAML | 0.6602 0.6530 0.6275  0.6693

Table 3: Performance comparison of different downstream
models.

# (Feature name and description)

# age_workclass_interaction: Interaction term between age and workclass to
capture the effect of age within different work environments.

# Usefulness: This feature can help capture the interaction between age and
work environment, which may influence both income and gender distribution.
# Input samples: {'age": [25.0, 38.0, 28.0], ‘'workclass": [4.0, 4.0, 2.0]}
dff'age_workclass_interaction'] = df['age’] * dff'workclass']

Figure 5: Feature age_workclass_interaction automatically
generated by FEAML.

Semantic Interpretability

FEAML generates features that align with human cogni-
tive patterns and offer strong semantic interpretability. Un-
like traditional exhaustive transformation methods, FEAML
uses structured prompts to guide LLMs in producing fea-
tures with clear semantic meanings. For example, as shown
in Figure 5, the feature age_workclass_interaction is con-
structed from the interaction between age and workclass, re-
flecting the different social implications of age in various oc-
cupational contexts. From a cognitive perspective, a 38-year-
old manager and a 38-year-old laborer represent very dif-
ferent socioeconomic statuses. This interaction feature cap-
tures such differences and provides the model with a more
detailed representation. By combining metadata and label
dependencies, FEAML ensures that generated features are
both predictive and interpretable, making it suitable for ap-
plications requiring high explainability.

Conclusion

In this paper, we propose FEAML, an automated feature
engineering method for multi-label classification. It gener-
ates prompts based on structured metadata and label co-
occurrence statistics, and uses LLMs to automatically pro-
duce feature transformation code. The method dynamically
generates interpretable and task-relevant features, improving
the performance of models. Experimental results show that
FEAML outperforms traditional methods and other LLMs-
based variants in both accuracy and feature quality. This
work provides an efficient and scalable solution for apply-
ing LLMs to structured data modeling.
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