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Abstract

This study proposes a time series-aware Large Language Model (LLM)-driven feature engi-
neering framework for tabular prediction tasks. Existing automated feature engineering
methods, including LLM-based approaches such as CAAFE and OCT-Tree and established
libraries such as tsfresh and Featuretools, can generate useful features for general tabular
data but do not explicitly address temporal availability constraints in time series settings.
This can lead to data leakage when variables that are only available after the prediction
event are used directly during model training. To address this limitation, the proposed
framework classifies variables into antecedent features, consequent features, and historical
aggregated features. The key innovation is that consequent variables are not discarded to
prevent leakage but are instead routed into a leakage-safe historical aggregation pipeline,
recovering predictive signal from post-event variables through temporally valid past values.
The framework guides an LLM to generate structured feature engineering configurations,
applies temporally valid transformations, performs feature selection, and evaluates the
selected features using predictive models. A formal leakage control mechanism ensures
that all aggregations use strictly past observations, applied within entity groups and before
the temporal train—validation—test split. The framework is evaluated on two time series
tabular tasks: Tesla stock prediction and English Premier League match outcome prediction.
The results show that the proposed approach improves predictive performance compared
with raw-feature baselines and selected existing automated feature engineering methods.
On the Tesla dataset, the framework reduced MAE compared with both the baseline and
the reported OCT-Tree result. On the EPL dataset, it improved accuracy compared with
the odds-only baseline and the reported Azure ML preprocessing result. These findings
suggest that combining LLM reasoning with explicit temporal constraints is a practical
direction for automated feature engineering in time series tabular machine learning.

Keywords: Large Language Models; automated feature engineering; time series data;
tabular machine learning; temporal data leakage; historical aggregation; predictive
modelling; AutoML; stock price prediction; sports analytics

1. Introduction

Time series tabular data are widely used in many real-world domains, including
finance, healthcare, environmental monitoring, energy management, and sports analytics.
Accurate predictive models built on such data can support timely decision-making by
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identifying patterns, trends, and future changes. However, the performance of machine
learning models on time series tabular data depends heavily on the quality of input
features. Raw variables often fail to capture important temporal relationships, such as recent
trends, lagged effects, rolling patterns, and historical changes. Therefore, effective feature
engineering is essential for improving predictive performance in time series modelling [1,2].

Feature engineering refers to the process of transforming raw data into more infor-
mative variables that better support machine learning models, and differs from feature
selection and feature extraction in that it actively creates new variables rather than select-
ing or compressing existing ones [1-3]. In time series tasks, useful predictive signals are
often hidden in historical observations such as rolling averages, lag values, and trend-
based indicators, making feature engineering especially important for capturing temporal
behaviour [4].

Despite its importance, time series feature engineering remains challenging. It often
requires domain knowledge to decide which historical windows, aggregation functions,
and transformations are meaningful for a specific prediction task. Selecting these transfor-
mations manually is time-consuming, problem-specific, and difficult to generalise across
datasets. An additional risk is data leakage, where future or unavailable information used
during feature construction leads to unreliable and unrealistic model performance.

Recent advances in Large Language Models (LLMs) have created new opportunities
for automating feature engineering. LLMs can interpret dataset descriptions, understand
column semantics, and suggest meaningful feature transformations based on task context.
Existing LLM-based feature engineering frameworks such as CAAFE and OCT-Tree have
shown promising results on general tabular datasets [4-6], but treat each row as an inde-
pendent sample and have no representation of when a variable becomes observable relative
to the prediction event. AutoML tools such as Azure AutoML address temporal structure
only through predefined lag and calendar transformations, without semantic, task-aware
reasoning about which transformations are meaningful for a given variable [7].

To address this gap, this study proposes a time series-aware LLM-driven feature
engineering framework for tabular datasets. The framework makes temporal availability a
first-class input to the generation process, allowing users to declare which variables are
available at prediction time and guiding the LLM to reason about feature construction
under explicit causal constraints. Specifically, the framework separates variables into
antecedent features, consequent features, and historical aggregated features. The key
innovation is that the antecedent/consequent distinction is not used merely as a safety
filter that discards unsafe variables. A naive leakage prevention rule would simply drop
post-event columns such as daily high, low, and volume. Our framework instead routes
these consequent variables into a historical aggregation pipeline, where only their past
values are used to construct temporally valid features. This enables the framework to
recover predictive signal from variables that a simple filtering rule would have removed,
while keeping model evaluation free from leakage.

The proposed framework is evaluated on two time series tabular prediction tasks: Tesla
stock price prediction and English Premier League match outcome prediction. The results
show that the LLM-guided feature engineering process can improve predictive performance
compared with raw-feature baselines and selected existing automated feature engineering
approaches. These findings suggest that combining LLM reasoning with explicit temporal
constraints can provide a practical direction for automated feature engineering in time
series tabular machine learning.

The main contributions of this study are as follows:
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e A time series-aware LLM feature engineering framework is proposed that makes
temporal availability a first-class input to LLM-guided feature generation for tabular
time series prediction tasks.

e A temporal feature classification mechanism is introduced to separate variables into
antecedent, consequent, and historical aggregated features. Rather than discarding
post-event variables to prevent leakage, the mechanism retains them and exploits their
past values through historical aggregation, recovering a predictive signal that a simple
filtering rule would remove.

e A multi-stage LLM-guided feature generation pipeline is designed to generate direct
transformations and historical aggregation features in a structured and task-aware
manner.

o  The framework is evaluated across two domains, Tesla stock price prediction and
English Premier League match outcome prediction.

e  Experimental results show improved predictive performance over raw-feature base-
lines and competitive performance compared with selected AutoML and LLM-based
feature engineering benchmarks.

2. Literature Review
2.1. Feature Engineering, Feature Extraction, and Feature Selection

Feature engineering, feature extraction, and feature selection are closely related but
distinct processes in machine learning, as summarised in Table 1. Unlike feature selection,
which retains the most relevant existing variables, or feature extraction, which compresses
variables into lower-dimensional representations, feature engineering actively creates new
informative variables through transformations, aggregations, and domain-specific oper-
ations [1,2,5]. In time series tabular data, this distinction is especially important because
predictive information is often embedded in temporal patterns rather than in the current
observation alone. Examples of engineered temporal features include lag values, rolling
averages, rolling minimums and maximums, trend indicators, and historical summary
statistics [3,5]. This capacity to create new time-dependent variables makes feature engi-
neering a more flexible and context-aware approach for improving model performance in
time series prediction tasks compared with feature selection or extraction alone.

Table 1. Comparison between feature extraction, feature engineering, and feature selection.

Method Description Advantages Limitations
Transforms original features May reduce
into a new representation, Reduces feature interpretability; does not
often with the aim of reducing dimensionality; can necessarily use domain
Feature Extraction [2,5] dlmenS}ona.hty while simplify model input; can knoW .edge, may not
preserving important be automated using explicitly capture
information. Examples statistical or deep time-dependent
include PCA, autoencoders, learning methods. relationships in time
and learned representations. series data.

Feature Engineering [1,3,5]

Creates new informative
features from raw data using  Can incorporate domain

. . f i i
transformations, aggregations, knowledge; can capture Often requires domain

expertise; can be

statistical operations, or meaningful temporal . .

. . time-consuming; may
domain knowledge. Examples patterns; often improves . .
. . . introduce data leakage if
include lag features, rolling model performance in .

. . ; . temporal constraints are
averages, ratios, logarithmic tabular and time
. . not handled carefully.
transformations, and series tasks.

trend indicators.
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Table 1. Cont.

Method Description Advantages Limitations
Selects the most relevant Reduces model Does not create new
subset of existing features to complexity; removes features; cannot capture

Feature Selection [2] improve model efficiency and  irrelevant or redundant ~ hidden temporal patterns
reduce redundancy variables; can unless they already exist
or overfitting. improve generalisation.  in the dataset.

2.2. Deep Learning-Based Feature Extraction for Time Series Data

Deep learning methods including Convolutional Neural Networks (CNNs), Long
Short-Term Memory networks (LSTMs), and hybrid CNN-LSTM architectures have been
widely applied for automatic feature extraction from time series data, demonstrating
strong capacity for capturing local temporal patterns and long-term dependencies [8,9].
For example, Zhang et al. proposed a CNN-LSTM-based method for remaining useful
life prediction in proton exchange membrane fuel cells, where CNN layers extracted
informative temporal features before LSTM-based sequence modelling [10]. While these
approaches can improve predictive performance across various domains, they focus on
learned representations rather than explicit and interpretable feature construction. As
a result, they may provide limited transparency about the constructed features and do
not directly incorporate domain-specific or semantic knowledge into the feature creation
process, which distinguishes them from the LLM-guided feature engineering approach
proposed in this study.

2.3. Time Series Feature Extraction and Decomposition Methods

Decomposition-based methods such as Empirical Mode Decomposition, Variational
Mode Decomposition, and CEEMDAN have been widely used to extract useful repre-
sentations from time series signals by separating them into simpler components before
downstream modelling [11,12]. These methods have been applied across several do-
mains including environmental monitoring, solar radiation prediction, power systems,
and financial forecasting [13-16]. Bayesian modelling workflows and differentiation-based
preprocessing techniques have similarly been applied to handle sparse, non-stationary, or
distribution-shifted time series data [17,18]. Although effective in their respective domains,
these approaches require careful methodological choices such as selecting decomposition
parameters and defining stopping criteria. More importantly, they do not support semantic,
task-aware, or temporally constrained feature generation, which is the core focus of the
proposed framework.

2.4. Historical and Statistical Aggregation in Time Series Feature Engineering

Historical and statistical aggregation is one of the most common and effective fea-
ture engineering strategies for time series tabular data. These methods generate new
variables by summarising past observations over predefined time windows. For exam-
ple, Balasubramaniam et al. applied historical climate aggregation over different time
windows to improve pasture yield prediction, showing that time-lagging effects can be
captured through carefully designed historical features [3]. Similar strategies have been
used in sports analytics, where previous match statistics are aggregated to predict future
match outcomes [13,14,19]. In health-related forecasting, moving averages and exponential
smoothing methods have also been applied to model disease trends over time [15,16].

These studies show that historical aggregation can improve predictive performance
by capturing recent trends, lag effects, and temporal dependencies. However, a major limi-
tation is that the design of aggregation windows and functions is usually manual and task-
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specific. For example, deciding whether to use a 3-day, 5-day, 20-day, or 60-day window
often requires domain expertise or extensive experimentation [3,20,21]. This limits the scal-
ability and generalisability of manually designed time series feature engineering methods.

2.5. LLM-Based Automated Feature Engineering

Large Language Models have recently been explored as tools for automated feature
engineering. The main motivation is that LLMs can interpret dataset descriptions, under-
stand column semantics, and generate meaningful feature transformations based on the
task context. This allows LLMs to act as virtual domain experts that support the feature
engineering process.

2.5.1. CAAFE

Context-Aware Automated Feature Engineering, known as CAAFE, was introduced
as an LLM-based framework for automated feature generation [6]. CAAFE uses dataset
descriptions and field definitions as prompts to guide the LLM in generating Python 3.11.5
code for candidate feature transformations. The generated features are then applied to the
dataset and evaluated using model performance. Only features that improve performance
are retained [6].

This figure shows how dataset descriptions and field definitions are provided to the
LLM, which then generates feature engineering code or rules. The generated features are
applied to the dataset and evaluated based on model performance.

As shown in Figure 1, CAAFE demonstrates the potential of LLMs for automated
data science tasks by using contextual information to guide feature generation. However,
CAAFE was mainly designed for general tabular datasets. Its generated transformations
usually operate within individual samples rather than across historical observations [6].
This creates a limitation for time series tabular data, where useful features often depend on
previous time steps, rolling windows, and temporal availability constraints.

Evaluate Performance. CAAFE

( Keep change if performance is improved. W

Tabular Pre-

User: Specifies LLM: Generates Interpreter: Lo .
problem context + Code for feature Executes dlc;)lorr; Model:
and dataset engineering generated code eriorms

cross-validation.

Figure 1. CAAFE architecture for LLM-based automated feature engineering.

2.5.2. OCT-Tree

OCT-Tree extends LLM-based feature engineering by incorporating decision-tree
reasoning into the feature generation process [4]. In this framework, the LLM first generates
candidate features. A tree-based model is then trained and evaluated using the generated
features. The validation score and a string representation of the decision-tree logic are then
provided back to the LLM as feedback for the next round of feature generation [4].

This iterative process allows the LLM to refine its feature generation based on model
performance and interpretable tree-based feedback. OCT-Tree achieved strong results on
tabular benchmark datasets and included an experiment on Tesla stock data [4]. However,
although OCT-Tree was applied to a financial time series dataset, it does not explicitly
model the difference between variables available before prediction and variables only
available after the prediction event. Therefore, when applied to time series data, it may still
face the risk of inappropriate feature construction or data leakage.
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2.6. Automated Feature Engineering Libraries for Time Series Data

Several established libraries provide automated feature engineering capabilities for
time series data and represent important non-LLM baselines for contextualising the pro-
posed framework [6-13,17,18].

tsfresh is a widely used Python library that automatically extracts a large number of
statistical and temporal features from time series data, including autocorrelation, entropy,
peak counts, and rolling statistics [22]. It supports systematic feature extraction across many
time steps and includes built-in feature selection based on statistical hypothesis testing.
However, tsfresh operates on pre-segmented time series windows and does not incorporate
semantic reasoning about column meaning or task context. Critically, it does not model
temporal availability constraints: if a post-event variable is present in the input, tsfresh
will extract features from it without distinguishing whether those values were available at
prediction time.

Featuretools and its Deep Feature Synthesis algorithm perform automated relational
feature engineering by generating features across entity sets using stacking of aggregation
and transformation primitives. While powerful for relational data, Featuretools is designed
around entity relationships rather than temporal prediction settings. It supports time-based
cutoffs to prevent leakage in some configurations, but the specification of these cutoffs
requires manual setup by the user and does not involve semantic reasoning about which
variables are causally available at prediction time [7-11].

sktime provides a unified interface for time series classification, regression, and fore-
casting, and supports a range of feature extraction transformers. Like tsfresh, sktime’s
feature engineering components operate on pre-defined time series inputs and do not
incorporate task-aware semantic reasoning or explicit temporal availability modelling [22].

In contrast to all of these tools, the proposed framework uses an LLM to reason
semantically about dataset columns, task objectives, and temporal availability constraints
simultaneously. Rather than applying a fixed catalogue of transformations uniformly
across all variables, the framework distinguishes between antecedent and consequent
variables and routes each through an appropriate generation pathway. This allows the
framework to recover predictive signal from post-event variables through leakage-safe
historical aggregation, a capability that is not present in any of the above tools without
substantial manual configuration.

2.7. Existing AutoML Pipelines for Time Series Data

AutoML platforms provide automated preprocessing and feature generation support
for time series forecasting tasks. For example, Azure AutoML includes time series-specific
transformations such as calendar-based features and lag features [7]. These transformations
can be useful because they allow models to incorporate basic temporal information without
requiring users to manually engineer every feature.

However, the feature engineering coverage of existing AutoML tools remains limited.
In many cases, these tools support simple lag-based or calendar-based features but do not
fully support richer multi-step feature engineering [7]. For example, a stock forecasting task
may benefit from comparing the current price with a monthly average and then applying
a weekly aggregation to that derived value. Such multi-stage, domain-aware feature
construction is not fully supported by many existing AutoML pipelines. This limitation
motivates the need for a more flexible automated feature engineering framework for time
series tabular data.

https:/ /doi.org/10.3390/ai7070245
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2.8. Summary of Existing Time Series Feature Engineering Studies

Previous studies have applied feature engineering and feature extraction methods
across different time series domains, including agriculture, finance, energy, sports, health-
care, environmental monitoring, and digital systems [3,9,10,13-15,20,23,24]. These studies
show that engineered temporal features can improve model performance across differ-
ent predictive tasks. For example, historical aggregation improved pasture yield pre-
diction [3], decomposition-based techniques improved forecasting in solar radiation and
power load datasets [14,15], and manually engineered features improved sports outcome
prediction [20].

Table 2 summarises representative studies that applied feature engineering, feature
extraction, decomposition, aggregation, or automated feature generation methods to time
series datasets across different domains. These studies show that engineered temporal
features can improve predictive performance, but many approaches still depend on manual
design choices, including the selection of aggregation windows, decomposition strategies,

and task-specific transformations.

Table 2. Summary of previous studies on time series feature engineering and evaluation datasets.

Dataset Domain Problem Type Metrics

Pasture yield dataset using Reoression on pasture vields R?=0.89

historical climate feature Agriculture in iustralian ff rms y MAE = 192.64

engineering [3] RMSE = 329.52
Accuracy = 0.9183

Private Azure cloud usage dataset AUC =0.9538

using feature engineering for
serverless scaling decisions [9]

Digital/Cloud computing

Binary classification for
optimal cloud site scaling

F1-score = 0.9183
Precision = 0.9216
Recall = 0.9190

Proton exchange membrane fuel
cell dataset using

Regression for fuel cell

2 _ 0, —
CNN-LSTM-based feature Energy lifespan prediction R™=91.09% MAE = 0.0019
extraction [10]
Tesla daily stock dataset used in . Regression for Tesla stock Mean error improvement =
OCT-Tree LLM-based feature Finance ; . o
. price prediction 17.1%; MAE = 5.48
generation [4]
Exchange rate between USD and Finance Regression on USD to RMB MAE = 0.0153
RMB [12] exchange rate RMSE = 0.0184
S&P 500 stock data using
preprocessing and neural Finance Regression for next-step stock  R?, MSE, and RMSE improved
networks for trended price prediction by approximately 30%
forecasting [18]
. R%=0.786
E)I:ﬁ_za'fti::ﬁ% using trend feature Environmental PM2.5 prediction MAE = 2.785
- MSE =11.25
Solar radiation dataset using
CEEMDAN_EW.T.-CNN-GRU- Environmental Solar radiation prediction R? =0.9993
SVM decomposition and
prediction [14]
WIFI occupancy [19] Digital Occupancy regression R? = 0.9786
Electricity usage dataset using
time series feature extraction for Energy Electricity usage MAE improvement = 5.3748%

ultra-short-term load
forecasting [15]
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Table 2. Cont.

Dataset Domain Problem Type Metrics
Stock 1nde.x'datasets using MAE improvement ranged
decomposition-based feature . . - o o
: . Finance Stock price prediction from 30% to 85% across
extraction and optimised deep .
. indexes

learning [16]
English Premier League and
weath?r data using predictive Sports Win or no.t win binary Accuracy = 64.6%
analytics for soccer match classification
outcomes [20]
Official CBA basketball dataset

. . . P Acc =84%
using hybrid ensemble Sports Win or Lose classification " ono

. Fl-score = 82%
learning [21]
Food demand time series dataset
using averaging-based Food Food Demand Regression RMSSE = 0.439
forecasting [25]
S&P 500 index data using
explainable AI for financial time Finance Indexes prediction Acc =0.7987
series prediction [26]
Dengue fever dataset using Deneue fever MAD = 23.38
moving average and exponential ~ Health num%aer reoression MSD = 707.65
smoothing [23] & MAPE = 12.53%
Acute herr}orrhagm conjunctivitis Acu.te he.m.o.rrhaglc RMSE = 563.490
dataset using SARIMA and Health conjunctivitis
. . . MAPE = 13.810
exponential smoothing [24] Count regression
Water demand dataset using Regeression for water
temporal and spatial Environmental & - CD=0.46
. demand prediction
aggregation [27]
Fouersyem speratg o Pover cnsumpion AIC=516
g deep 8y estimation BIC =739

aggregation [28]

As shown in Table 2, time series feature engineering has been successfully applied

across agriculture, finance, energy, health, environmental monitoring, and sports analytics.
However, most existing approaches require manually defined feature transformations or
domain-specific assumptions. This motivates the development of an automated and time
series-aware feature engineering framework that can use LLM reasoning while maintaining
temporal validity.

2.9. Research Gap and Motivation

The reviewed literature shows that feature engineering substantially improves time
series prediction across domains, but most approaches depend on manually designed trans-
formations, manually selected time windows, or task-specific domain expertise [3,19,20,23].
LLM-based methods such as CAAFE and OCT-Tree automate feature construction but are
designed for general tabular data and do not distinguish between variables available at
prediction time and variables that become available only afterward [4,6]. This limitation can
introduce data leakage and lead to unrealistic model performance. Existing AutoML tools
partially address temporal structure through lag and calendar features but do not support
multi-stage, semantically grounded feature construction that combines LLM reasoning
with explicit temporal constraints [7].

This gap motivates the proposed framework, which encodes temporal availability
directly into the LLM generation process. Rather than filtering out post-event variables, the
framework routes them into a historical aggregation pipeline that recovers their predictive
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signal through temporally valid past values, enabling richer feature construction while
maintaining leakage control.

3. Methodology
3.1. Overview of the Proposed Framework

This study proposes a time series-aware LLM-driven feature engineering framework
for tabular prediction tasks. The framework enables users to define the temporal availabil-
ity of dataset variables before feature generation. Based on these user-defined temporal
dependencies, the LLM generates feature engineering configurations that follow the es-
tablished constraints. This design ensures that generated features are consistent with the
structure of time series data and reduces the risk of data leakage.

The framework follows a sequential process. First, the user provides a dataset de-
scription and temporal dependency configuration. Second, the LLM generates feature
engineering configurations for antecedent features, consequent features, and historical
aggregated features. Third, the generated configurations are applied to the dataset to create
engineered features. Finally, feature selection is applied, and the selected features are used
for model training and evaluation.

Figure 2 shows the full pipeline, including dataset description, temporal dependency
configuration, LLM-based feature configuration generation, feature implementation, fea-
ture selection, and model evaluation.

(2 3 0 o o

Input / LLM-based Feature Feature Engineered Feature Model Training and
User-defined context Configuration Generation Implementation Dataset Selection Evaluation
- B
' \‘
i % LLM/ GPT g o "
& | e | (@51
HoME o) Y
L I ( A
@ I Antecedent )
I 2 e
Temoorsl Feature Configuration . e
Dataset Depe::ency t * ; IFeature : Engineered Feature Model Training
e mplementation : :
Description Configuration :_, y N Engine —p| FeatureSet |__, Selecton __| and Evaluation
I Consequent > e
. &
dataset cokmne time cokmn, : L Feature Configuration ) "?"Sformed retain only train predictive
task objective, entity column, ; * apply gengrated b ::t:eraetsl;res feétures that model, evaluate on
target variable | | antecedent vriables | | <\ mﬁﬁgufa"?"s;° mﬂﬁ‘g P, e validation/test data
consequent variables | | & Hctor: . raw time-series data on d validation
[ = glst:ncal lfggregatlon > historical g
L I D) onfiguration aggregates
R S ) 9 ) ST,
1
_____ A,
4
Output Metrics

\
B it i
MAE, R?, Accuracy, l
Precision, Recall |

Figure 2. Overall workflow of the proposed LLM-driven time series feature engineering framework.

3.2. Temporal Feature Classification

A key component of the proposed framework is the classification of variables according
to their temporal availability. This classification guides the LLM and prevents the use
of unavailable future information during feature generation. The framework defines
three feature types: antecedent features, consequent features, and historical aggregated
features. Figure 3 illustrates how each feature type is classified and routed through the
framework pipeline.

https://doi.org/10.3390/ai7070245
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Dataset variables

v

Temporal availability classification (user-defined configuration)

v v

Consequent features
Available only post-event

v

l Direct use blocked

Historical aggregation pipeline
Past values only — leakage-safe

v

Model training and evaluation

Antecedent features
Auvailable at prediction time

Figure 3. Temporal feature classification and routing in the proposed framework. Antecedent features
are used directly at prediction time, while consequent features are blocked from direct use and routed
to the historical aggregation pipeline. Both feature types contribute to the aggregated feature set
through past values only, ensuring leakage-safe model training.

Antecedent features are variables that are available before or at the time of prediction.
These features can be used directly for model training and inference without introducing
data leakage. For example, if the task is to predict a stock’s closing price after the market
opens, the opening price can be treated as an antecedent feature because it is already
available before the closing price is observed.

Consequent features are variables that become available only after the prediction
event. These variables cannot be used directly as model inputs because they may contain
information about the target outcome. For example, when predicting a stock’s closing price,
the current day’s high, low, volume, and adjusted close may not be available at prediction
time. Using them directly would introduce data leakage. However, their historical values
from previous time steps can still be used to construct valid historical aggregated features.

Historical aggregated features are features generated by aggregating past values of
antecedent or consequent variables. These features are computed using only previous time
steps, ensuring that no future information is included. Examples include rolling means,
previous values, rolling minimumes, rolling maximums, and exponential moving averages.

As shown in Figure 3, antecedent features follow a direct path to model training,
while consequent features are blocked from direct use and routed to the historical aggre-
gation pipeline. Importantly, both antecedent and consequent variables contribute past
values to the aggregation pipeline, allowing the framework to recover predictive signal
from post-event variables in a leakage-safe manner. This temporal feature classification
allows the framework to generate richer time series features while maintaining temporal
validity. By explicitly separating direct-use variables from variables that can only be used
historically, the framework reduces the risk of data leakage and improves the reliability of
model evaluation.

3.3. User-Specified Temporal Dependency Configuration

The proposed framework requires the user to provide temporal dependency informa-
tion for the dataset. This information is supplied through a structured configuration file,
such as a JSON file. The configuration identifies the target variable, time column, entity
column, and variables that are available before the prediction event.

https://doi.org/10.3390/ai7070245
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Figure 4 shows a sample JSON configuration used to define the target variable, time
column, entity column, and antecedent variables. Variables not marked as antecedent are
treated as consequent variables.

2 {
"column_name": "date",
"data_type": "string",
"description": "The trading day in YYYY-MM-DD format.",
6 "is_antecedent": true,
7 "define_time_series": true
8 }’
{
10 "column_name": "open",
11 "data_type": "floating",
12 "description": "The opening price on the given trading day.
“’
13 "is_antecedent": true
1 }

Figure 4. Example of user-specified temporal dependency configuration.

The configuration allows the framework to determine which variables can be used
directly and which variables should only be used through historical aggregation. Variables
marked as antecedent are considered available at prediction time, while variables not
marked as antecedent are treated as consequent features.

This design makes the framework flexible across different prediction settings. For
example, in a stock prediction task, the availability of the opening price depends on when
the prediction is made. If the prediction is made before the market opens, the opening price
should be treated as a consequent feature. If the prediction is made after the market opens,
the opening price is available and can be treated as an antecedent feature.

3.4. Feature Engineering Workflow

The proposed framework performs feature engineering in a structured sequence. The
process consists of four main stages.

First, the LLM is introduced to the feature engineering task, including the dataset
description, target variable, temporal dependency configuration, and definitions of an-
tecedent, consequent, and historical aggregated features. This step ensures that the LLM
generates features within the intended time series-aware framework.

Second, the LLM generates feature configurations for antecedent variables. These
configurations describe direct transformations that can be applied to variables available at
prediction time.

Third, the LLM generates feature configurations for consequent variables. Consequent
variables are not used directly for prediction, but they may be transformed and later used
through historical aggregation. This allows the framework to make use of useful past
information without exposing the model to future values.

Fourth, the framework generates historical aggregated features by applying aggrega-
tion functions to previous time steps only. These features are created using past values of
both antecedent and consequent variables. This stage is central to the proposed time series
design because it captures temporal patterns while maintaining leakage control.

After all configurations are generated, the framework applies them to the
dataset and produces the engineered feature set for downstream feature selection
and model training.
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3.5. Feature Engineering Configuration

The LLM does not directly modify the dataset. Instead, it generates structured feature
engineering configurations. These configurations define how each new feature should be
created and allow the framework to apply the generated transformations consistently.

For antecedent and consequent features, each configuration includes the name of the
generated feature, the raw field or fields used to create it, the transformation process, a
short description, and the output data type, as summarized in Table 3.

Table 3. Antecedent and consequent feature configuration fields.

Field Description

name Name of the generated feature

raw_field Original field or fields used to create the feature
processor Transformation logic used to generate the feature
description Short explanation of the generated feature
data_type Data type of the generated feature

For historical aggregated features, the configuration specifies the entity, the variable
to be aggregated, the aggregation function, the time window, and a description of the
generated feature as summarized in Table 4.

Table 4. Historical aggregation configuration fields.

Field Description
entity Entity or grouping variable used for aggregation
aggregate_on Variable to be aggregated

Aggregation function, such as mean, minimum,

agg-type maximum, or previous value
timeframes Historical window sizes used for aggregation
description Short explanation of the generated historical feature

For example, if the entity is a stock symbol and the aggregation field is daily high
price, the framework can generate features such as the average high price over the previous
3, 5, or 20 days. The framework applies each aggregation only to historical observations,
ensuring that the current or future values are not included.

3.6. LLM Prompt and Configuration Generation

The framework uses an LLM to generate feature engineering configurations based
on the dataset description, temporal dependency configuration, and task objective. Each
prompt provides the LLM with the relevant context, including the meaning of dataset
columns, the target variable, the prediction setting, and the feature type currently
being generated.

In this study, all configurations were generated using GPT-40 (OpenAl, model version
gpt-40-2024-08-06). The temperature was set to 0.0 to minimise output variability and
improve reproducibility across runs. The LLM was accessed via the OpenAl API, and all
prompts were submitted programmatically without manual intervention during generation.

The prompt flow is designed as a staged process consisting of three sequential calls
per dataset. In the first call, the LLM receives the full dataset description, column defini-
tions, target variable, and temporal dependency configuration, and is asked to generate

https:/ /doi.org/10.3390/ai7070245


https://doi.org/10.3390/ai7070245

Al 2026, 7, 245

13 of 27

antecedent feature configurations. In the second call, the previously generated antecedent
configurations are appended to the context, and the LLM generates consequent feature con-
figurations. In the third call, both antecedent and consequent configurations are included
in the context, and the LLM generates historical aggregation configurations. This staged
design ensures that the LLM builds features progressively and remains aligned with the
temporal structure of the prediction task.

Each prompt explicitly instructs the LLM to return output as a strictly valid JSON array,
with no additional text, explanation, or markdown formatting. The framework parses each
response by extracting the JSON content directly. If the response cannot be parsed as valid
JSON, the framework automatically retries the call once with an additional instruction
reinforcing the required format. Configurations that remain invalid after one retry are
logged and skipped. In practice, fewer than 8% of generated configurations required a retry
across both datasets, and no manual correction of configurations was performed.

Figure 5 shows how the dataset description, task description, temporal constraints,
and previously generated configurations are passed to the LLM to generate the next set of
feature engineering configurations.

Call1— antecedent features

o Output
Dataset description Antecedent configurations
Problem statement and temporal configuration
Antecedent variable definitions
Call 2 — consequent features
Dataset description
LS Output

figurati
Problem statement and temporal configuration S Sonsequent contigy ations .

Consequent variable definitions

+ Antecedent configurations (from Call 1)

Call 3 — historical aggregation

Dataset description
s Output

Problem statement and temporal configuration pegrezationicontigteations

Entity, aggregation field, window sizes
+ Antecedent configurations (from Call 1)

+ Consequent configurations (from Call 2)

Figure 5. LLM prompt flow for staged feature configuration generation.

Once the LLM returns a response, the framework extracts the generated configurations
and stores them for feature implementation. This staged design ensures that the LLM
builds features progressively and remains aligned with the temporal structure of the
prediction task.
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3.7. Feature Generation Pipeline

After the configurations are generated, the framework applies them to the dataset
to produce engineered features. The feature generation process is separated into two
main pipelines: one for antecedent and consequent feature transformations, and one for
historical aggregation.

For antecedent and consequent feature transformations, the framework applies the
specified processor to the relevant raw fields and creates a new feature column. Antecedent
features may be used directly for model training and inference. Consequent features
are not used directly as current-time inputs, but they can be passed to the historical
aggregation pipeline.

For historical aggregation, the dataset is first grouped by the specified entity, such
as a stock, team, or other time series unit. Within each group, observations are sorted
chronologically. The framework then applies the selected aggregation functions over the
specified historical windows. For each current observation, only previous observations are
used to compute the aggregated feature.

Figure 6 shows how historical aggregated features are generated by grouping
records by entity, sorting them by time, and applying aggregation functions only to
previous observations.

Input dataset
entity, time, feature columns

l

Group by entity

stock symbol, team, sensor ID

l

Sort chronologically
within each entity group

l

Sliding historical window
past observations only
current row strictly excluded

l

Apply aggregation functions
mean, min, max, previous value
window sizes: 3, 5, 20, 30, 360

l

Engineered feature matrix
high_3_avg, volume_240_max
close_5_max, low_5_previous

Figure 6. Historical aggregation pipeline with leakage control.

3.8. Leakage Control Mechanism

Data leakage is a major risk in time series feature engineering because variables
observed after the prediction event may accidentally be used during model training. The
proposed framework addresses this risk through two mechanisms.

First, the temporal dependency configuration separates variables into antecedent and
consequent features. Antecedent features can be used directly because they are available at
prediction time. Consequent features are isolated and cannot be used directly as current-
time model inputs.
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Second, the historical aggregation pipeline only uses previous observations when con-
structing features for the current sample. Even when a variable is classified as consequent,
its past values can be used safely because they would have been available before the current
prediction event.

Together, these mechanisms allow the LLM to generate useful time series features
while maintaining causal consistency. Algorithm 1 presents the leakage-safe historical
aggregation procedure. This improves the trustworthiness of model evaluation and reduces
the likelihood of inflated performance caused by future information.

Algorithm 1: Leakage-Safe Historical Aggregation

Input: Dataset D with columns [entity, time, features]
Aggregation configurations C = {entity, field, agg_type, timeframes}

Output: Engineered feature matrix D’
1. Sort D by [entity, time] in ascending order

2. For each configuration ¢ in C:
a. Group D by c.entity
b. For each group G:
For each row i in G (in chronological order):
past_obs = G[time < G[i].time] //strictly excludes current row
For each window w in c.timeframes:
past_window = past_obs[last w observations]
If len(past_window) > 0:
D’[i, feature_name] = apply(c.agg_type, past_window][c.field])
Else:
D’[i, feature_name] = NaN //insufficient history

3. Apply temporal split to D”:
train = D’[time <= split_date_1]
validation = D’[split_date_1 < time <= split_date_2]
test = D’[time > split_date_2]

4. Perform feature selection using validation performance only:
For each candidate feature f:
score = evaluate(train + f, validation)
If score improves metric:
retain f
Else:
discard f

5. Train final model on train using retained features
Evaluate on test set only

Output: Final feature matrix with retained leakage-safe features
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To ensure complete leakage prevention, the order of operations in the proposed
framework is as follows. First, all historical aggregation features are computed across
the full dataset using only strictly past observations for each row, with each aggregation
applied within entity groups and excluding the current time step. Second, the temporal
split into training, validation, and test sets is applied to the fully engineered feature
matrix. This ordering ensures that no future information from the validation or test
periods influences feature construction. Third, iterative feature selection is performed
using validation performance only, with the test set remaining unseen throughout this
process. Finally, the selected model is evaluated once on the held-out test set. Where
standardisation or scaling is applied, the scaler is fitted exclusively on the training set and
applied separately to the validation and test sets, preventing any distributional leakage
from held-out data.

3.9. Feature Selection and Model Preparation

The LLM-generated pipeline can create a large number of candidate features. To
retain only useful features, the framework applies an iterative feature selection process.
Candidate features are evaluated based on their effect on validation performance. If a
feature improves the selected evaluation metric, it is retained; otherwise, it is discarded.

The selected features are then combined with the valid baseline features and used to
train the final predictive model. This step ensures that the framework does not rely only
on LLM-generated suggestions but verifies their practical contribution through model-
based evaluation.

To guard against validation overfitting during sequential feature selection, the dataset
is divided into three non-overlapping partitions following a chronological split: a training
set used for model fitting, a validation set used exclusively for feature selection decisions,
and a held-out test set that remains completely unseen throughout the entire feature
generation, selection, and model development process. Feature selection decisions are
made based solely on validation performance, and the test set is used only once for final
evaluation reporting. This three-way separation ensures that reported performance reflects
genuine generalisation rather than overfitting to the validation set.

4. Experimental Setup
4.1. Overview

The proposed framework was evaluated on two time series tabular prediction tasks
from different domains: Tesla stock price prediction and English Premier League (EPL)
match outcome prediction. The Tesla dataset was used to evaluate the framework on a
financial regression task, while the EPL dataset was used to evaluate its performance on
a sports classification task. These two datasets allow the framework to be tested across
different prediction settings, target types, and temporal structures.

The evaluation focuses on comparing model performance before and after applying the
proposed LLM-driven feature engineering framework. For each dataset, the framework first
generates candidate features, then applies iterative feature selection, and finally evaluates
the selected features using a suitable predictive model and task-specific metrics.

4.2. Tesla Stock Price Prediction Dataset

The first experiment uses the publicly available Tesla stock dataset from Kaggle [10],
available at https://www.kaggle.com/datasets/guillemservera/tsla-stock-data (accessed
on 30 January 2026). This dataset was selected because it is similar to the financial time
series dataset used in OCT-Tree, an existing LLM-based feature engineering framework [4],
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allowing the proposed method to be compared against an existing automated feature
generation approach.

The dataset contains 3473 daily trading records. Each record represents one trading
day and includes the following variables: date, open price, close price, high price, low
price, trading volume, adjusted close, change percentage, and 20-day average volume. The
dataset was split chronologically into training, validation, and test sets, with earlier records
used for training and the most recent records reserved for testing, ensuring that no future
information is used during model development.

For this experiment, the prediction task focuses on estimating Tesla stock movement
using temporally valid features. Variables were classified according to their temporal
availability. The date, open price, and 20-day average volume are treated as antecedent
features, as they are available before the closing price is observed. The remaining variables—
close price, high price, low price, trading volume, and adjusted close—are treated as
consequent features, as they become available only after the prediction point and cannot
be used directly as model inputs. However, their historical values from previous time
steps are used to generate valid historical aggregated features. Missing values arising from
insufficient historical observations in early rows of the aggregation window are excluded
from feature selection and model training.

The daily percentage change is defined as:

Close; — Close; 1

Change% = Close, 1 * 100

where Close; is the closing price at the current time step and Close;_1 is the closing price
at the previous time step. The use of percentage change helps reduce the effect of raw
price scale and allows the model to focus on relative stock movement rather than absolute
price values.

4.3. Tesla Experimental Model, Feature Selection, and Metrics

XGBoost was used as the predictive model for the Tesla experiment. This choice is
appropriate because XGBoost performs strongly on tabular datasets and has also been used
in recent LLM-based feature engineering frameworks such as CAAFE and OCT-Tree [4,6,29].
Using XGBoost also helps isolate the effect of feature engineering, since the comparison
focuses on whether the proposed framework improves the input feature space rather than
whether a different model architecture improves performance.

The proposed framework generated more than 400 candidate features during the full
feature engineering process. To retain only useful features, an iterative feature selection
strategy was applied. The dataset was divided into three chronological partitions: a training
set for model fitting, a validation set used solely for feature selection decisions, and a held-
out test set that was never accessed during feature generation or selection and was used
only once for final performance reporting. Candidate features were evaluated one at a time
using validation performance. A feature was retained only if it improved the validation
Mean Absolute Error (MAE). Otherwise, it was discarded.

The Tesla experiment was evaluated using Mean Absolute Error (MAE) and coefficient
of determination (R?). MAE measures the average absolute difference between predicted
and actual values:

1 )
MAE = ;Z lyi — il
i

where y; is the actual value, #; is the predicted value, and # is the number of samples.
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The R? metric measures the proportion of variance in the target variable explained by

the model:
SSyes

 SSior

where S5, is the residual sum of squares and SSy; is the total sum of squares.

R2=1

The proposed framework was compared against two baselines: a raw-feature base-
line using only valid available features, and the reported OCT-Tree result on Tesla stock
prediction [4].

4.4. English Premier League Match Outcome Dataset

The second experiment evaluates the proposed framework on English Premier League
match outcome prediction. The dataset was collected from football-data.co.uk, available at
https:/ /www.football-data.co.uk (accessed on 30 January 2026), and contains match-level
records spanning the 2013 to 2023 seasons. It includes 4531 match samples, where each
sample represents one EPL match. The dataset was split chronologically into training,
validation, and test sets, with earlier seasons used for training and the most recent seasons
reserved for testing, ensuring no future match information influences feature construction
or model development.

The target variable is the Full-Time Result (FTR), which has three classes: home win,
away win, and draw. This task is therefore treated as a three-class classification problem, a
target commonly used in football outcome prediction studies allowing comparison with
previous work [29,30].

The dataset includes the following variables: full-time home goals, full-time away
goals, half-time results, attendance, referee, shots, shots on target, corners, fouls, offsides,
yellow cards, and red cards, as well as pre-match betting odds for home win, draw, and
away win outcomes. Variables were classified according to their temporal availability.
Pre-match betting odds are treated as antecedent features, as they are available before the
match result is observed. All in-match statistics—including goals, shots, corners, fouls,
yellow cards, red cards, and offsides—are treated as consequent features, as they become
available only after the match concludes and cannot be used directly as model inputs.
However, their historical values from previous matches are used to generate valid historical
aggregated features such as recent team performance statistics and referee-related historical
patterns. Categorical variables including team names and referee identifiers were encoded
to support aggregation within entity groups. Missing values arising from insufficient match
history in early rows of the aggregation window are excluded from feature selection and
model training.

4.5. EPL Experimental Model, Feature Selection, and Metrics

Multiclass logistic regression was used for the EPL experiment. This model was
selected because it is computationally efficient, interpretable, and was used in previous
EPL outcome prediction research involving Azure ML-based preprocessing [30], enabling
a direct comparison between the proposed feature engineering framework and existing
data-processing baselines.

The same iterative feature selection strategy used in the Tesla experiment was applied
to the EPL dataset. However, because EPL match prediction is a classification task, accuracy
was used as the validation criterion instead of MAE. Candidate features were retained if
they improved validation accuracy.

The EPL experiment was evaluated using accuracy, precision, recall, and F1-score. The
EPL match outcome prediction task involves three classes: home win, away win, and draw.
Because the class distribution across these three outcomes is unequal, reporting accuracy
alone is insufficient. Therefore precision, recall, and F1-score are also reported, calculated
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using macro-averaging across all three classes so that each class contributes equally to the
final metric regardless of its frequency in the dataset.
Accuracy measures the overall proportion of correctly classified matches across all

three outcome classes:
TP+ TN
TP+ FP+ TN+ FN

Accuracy =

While intuitive, accuracy can be misleading when class distributions are imbalanced,
as a model that predominantly predicts the majority class can still achieve moderate
accuracy without genuine predictive capability across all three outcomes.

Precision measures, for each predicted outcome class, the proportion of matches
predicted as that class that were correctly classified:

TP

P .. __
recision TP + FP

High precision for a given class means the model rarely misclassifies other outcomes
as that class. Low precision indicates a high rate of false positives for that class.

Recall measures, for each outcome class, the proportion of actual matches belonging
to that class that were correctly identified:

TP

Recall = m

High recall means the model successfully identifies most matches of that outcome
type. Low recall indicates that many matches of that class are missed and misclassified as
another outcome.

The F1-score combines precision and recall into a single metric as their harmonic mean:

2 X Precision x Recall

1 Precision + Recall

The harmonic mean penalises large imbalances between precision and recall, making
F1-score a more informative metric than accuracy alone for multi-class classification tasks
with unequal class frequencies. In the EPL context, a model that correctly identifies home
wins but consistently misclassifies draws and away wins would show moderate accuracy
but low Fl-score, which is revealed through per-class precision and recall reporting.

For the multi-class EPL task, TP, FP, TN, and FN are defined per class using a one-
versus-rest approach, where each outcome class is treated as the positive class in turn
and the remaining two classes are treated as negative. Macro-averaged metrics are then
computed as the unweighted mean across all three classes, ensuring that performance on
draws and away wins is given equal weight to the more frequent home win outcome.

The proposed framework was compared with three baselines: a raw-feature baseline
using only home, away, and draw betting odds; the reported Azure ML-based EPL predic-
tion result [30]; and the reported C4.5-based EPL prediction result with discretisation and
Particle Swarm Optimisation [29].

4.6. Summary of Experimental Design

To improve comparison fairness, all reimplemented baselines in this study were evalu-
ated under a unified experimental protocol. For each dataset, the same chronological data
split was applied across all methods, with the earliest records used for training and the most
recent records reserved for testing. Feature sets for each baseline were constructed from
the same raw input columns available to the proposed framework. Model architectures
were kept consistent with those used in the proposed framework experiments: XGBoost for
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the Tesla regression task and multiclass logistic regression for the EPL classification task.
Results from the original OCT-Tree and Azure ML papers are retained in the comparison
tables for reference but are clearly marked as reported results obtained under potentially
different conditions as shown in Table 5.

Table 5. Summary of datasets and experimental settings.

Dataset Domain

Task Type Target Variable Model Metrics Baselines

Tesla stock

data [10] Finance

Close Raw-feature
Regression price/percentage ~ XGBoost MAE, R? baseline;
change OCT-Tree [4]

English Premier
League data

Sports analytics

Odds-only baseline;
Azure ML [30];
C4.5-based

method [29]

Accuracy,
precision, recall,
F1-score

Thre'e—‘clas's Full-Time Result Multlclless logistic
classification regression

This experimental design evaluates whether the proposed LLM-driven feature en-
gineering framework can improve predictive performance across both regression and
classification tasks. It also tests whether the framework can generate useful features in
different domains while maintaining temporal validity.

5. Results and Discussion
5.1. Tesla Stock Prediction Results

The proposed framework generated 412 candidate features for the Tesla stock predic-
tion task across all three generation stages. After iterative feature selection, 9 features were
retained. The final retained features were:

open, log_open, high_3_avg, high 360_min, low_5_avg, low_5_previous, close_5_max,
close_30_max, and volume_240_max.

Most of the retained features are historical aggregation features, indicating that past
temporal patterns provide useful predictive signals for stock price prediction. This supports
the motivation of the proposed framework, which aims to guide LLMs to generate time
series-aware features rather than only single-row tabular transformations.

To compare the proposed method with OCT-Tree, the experiment was first conducted
using closing price as the target variable. The proposed framework achieved an MAE of
5.2047, outperforming both the OCT-Tree result of 5.48 and the baseline MAE of 5.3465 (see
Table 6). The proposed method also achieved an R? of 0.9733, compared with 0.9708 for
the baseline.

Table 6. Tesla stock prediction results using close price as the target.

Model/Approach

R? MAE Evaluation Conditions

Proposed framework

0.9733 5.2047 Unified protocol +

OCT-Tree [4]

Not reported 5.4800 Reported result 1

Baseline using opening price only  0.9708 5.3465 Unified protocol +

t Evaluated on the same chronological data split, raw input columns, and XGBoost model as the proposed
framework. f Result reported in the original paper [4]; data split, feature set, and evaluation protocol may differ
from this study.

The experiment was then repeated using daily percentage change as the target variable
and projecting the predictions back to closing price for evaluation. This setting produced
the best overall result, reducing MAE from 5.1261 for the baseline to 4.9963 for the proposed
framework. The R? value was also slightly improved from 0.9698 to 0.9709 (see Table 7).
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Table 7. Tesla stock prediction results using percentage change projected to close price.

Model/Approach R? MAE
Proposed framework 0.9709 4.9963
Baseline using opening price only 0.9698 5.1261

These results show that the proposed framework improves prediction accuracy com-
pared with the raw-feature baseline and the reported OCT-Tree result. Although the MAE
reduction is modest, it is meaningful in the context of stock price prediction, where price
movements are noisy and difficult to model using limited raw features. The retained
features also show that historical aggregation is valuable for capturing temporal signals
that are not available from current-day variables alone.

5.2. English Premier League Match Outcome Results

For the EPL match outcome prediction task, the proposed framework generated
318 candidate features across all three generation stages. After feature selection, the final
retained features included implied betting probabilities, match weekday, betting odds,
team-level historical statistics, and referee-related historical features.

Examples of retained features include:

HomeTeam_home_fouls_vs_hist_avg 3_previous, HomeTeam_home_red_vs_hist_avg
_20_avg, AwayTeam_away_shot_conversion_3_avg, and Referee_is_home_win_20_avg.

These features demonstrate the ability of the framework to generate multi-step tem-
poral features. For example, HomeTeam_home_fouls_vs_hist_avg_3_previous captures a
team’s recent foul behaviour compared with its historical average, then applies a previous-
window aggregation to represent recent team discipline patterns.

The proposed framework achieved an accuracy of 57.86%, improving over the odds-
only baseline accuracy of 56.45% and the Azure ML-based result of 57.09%. Recall also
improved from 49.78% for the baseline to 50.10% for the proposed framework, while
precision remained the same at 47.33% as shown in Table 8.

Table 8. EPL match outcome prediction results.

. Evaluation
Model/Approach Model Accuracy Recall Precision Conditions
Azure ML . Mu1t1clg ss logistic 57.09% 48.52% Not reported Reported result f
preprocessing [30] regression
C4.5+ discretisation + C4.5 71.05% Not reported Not reported Reported result I
PSO [29]
Baseline using Multiclass logistic 5 50, 49.78% 47.33% Unified protocol +
home/draw/away odds  regression
Proposed framework Multiclass logistic 57.86% 50.10% 47.33% Unified protocol +

regression

t Evaluated on the same chronological data split, raw input columns, and multiclass logistic regression model
as the proposed framework. } Result reported in the original paper; data split, feature set, model configuration,
and evaluation protocol may differ from this study and should be interpreted as a reference point rather than a
direct comparison.

The results show that the proposed framework improves performance over the odds-
only baseline and slightly exceeds the Azure ML-based preprocessing approach. This
suggests that LLM-guided temporal feature engineering can add useful information beyond
betting odds and standard preprocessing.

https:/ /doi.org/10.3390/ai7070245


https://doi.org/10.3390/ai7070245

Al 2026, 7, 245

22 of 27

However, the C4.5 method with discretisation and Particle Swarm Optimisation
achieved substantially higher accuracy. This suggests that the EPL dataset may benefit
from distribution-aware discretisation, especially because each team has a limited number
of matches per season. The current framework does not explicitly use data distribution
information, such as quantiles or entropy-based cut-points, when generating features. This
limitation indicates a clear direction for future improvement.

It should also be noted that the C4.5 + PSO approach may incorporate in-match
statistics such as goals, shots, and corners directly as features, which our framework
deliberately classifies as consequent variables unavailable at prediction time. This difference
in feature availability assumptions means the comparison is not conducted on equal terms,
and the higher accuracy of C4.5 + PSO may partly reflect access to post-event information
rather than superior pre-match predictive capability.

5.3. Robustness Analysis

To evaluate the stability of the proposed framework, twenty independent subsampling
trials were conducted. In each trial, 90% of the training data was randomly selected for
model fitting, and performance was evaluated on the held-out test set. For the Tesla dataset,
MAE and R? were used. For the EPL dataset, accuracy, precision, recall, and F1-score were
used. Figure 7 shows the distribution of MAE and R? across 20 subsampling trials for the
proposed framework and the baseline model.

MAE

MAE by Feature Set R? by Feature Set

0.0256

0.0254 4

0.0252 A

0.0250 4

0.0248

0.0246

0.02 1
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—-0.02
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o}

T
baseline
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Figure 7. Robustness analysis on the Tesla stock prediction dataset.

The Tesla robustness results show that the proposed framework consistently achieved
lower MAE and higher R? than the baseline across the repeated trials. The narrower
interquartile range also suggests improved stability. Although one trial showed a noticeable
deviation, the overall pattern indicates that the selected LLM-generated features improve
both predictive accuracy and robustness.

Figure 8 shows the distribution of accuracy, Fl-score, recall, and precision across
20 subsampling trials for the proposed framework and the baseline model.
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Figure 8. Robustness analysis on the EPL match outcome prediction dataset.

The EPL robustness results also show consistent improvement over the baseline
across the repeated trials. The proposed framework achieved higher accuracy, Fl-score,
recall, and precision in the subsampling experiments. However, the stability improvement
was less pronounced than in the Tesla experiment, suggesting that the smaller and more
discrete nature of match-level sports data may limit the impact of automated historical
feature engineering.

It should be noted that random subsampling does not strictly preserve temporal order
and may allow future observations to appear in training folds. The robustness results
should therefore be interpreted as indicative of general model stability rather than as a
rigorous time series evaluation, and walk-forward validation is recommended as a more
appropriate scheme for future work.

5.4. Overall Comparison and Discussion

It should be noted that the primary contribution of this study is the framework design
and leakage-safe automation capability rather than claims of state-of-the-art predictive
performance, and larger gains are expected on datasets with richer temporal structure and
more entities.

Across both datasets, the proposed framework improved predictive performance com-
pared with the raw-feature baselines. On the Tesla stock dataset, the proposed framework
reduced MAE from 5.1261 to 4.9963, representing an improvement of approximately 2.5%
over the baseline. It also outperformed the reported OCT-Tree result, which achieved
an MAE of 5.48 on the Tesla stock prediction task [4]. On the EPL dataset, the proposed
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framework improved accuracy from 56.45% to 57.86%, and also exceeded the reported
Azure ML preprocessing result of 57.09% accuracy [30]. These results suggest that time
series-aware LLM-generated features can improve model performance beyond raw-feature
baselines and selected automated feature engineering methods.

The improvements are mainly explained by the framework’s ability to generate historical
aggregation features. Many retained features, such as AwayTeam_away_shot_conversion
_3_avg, HomeTeam_home_red_vs_hist_avg 3_avg, and volume_240_max, were derived from
previous time steps rather than current observations. This confirms the value of guiding the
LLM to produce time series-specific features instead of only general tabular transformations.

Another important advantage of the proposed framework is its explicit separation
of antecedent and consequent features. By allowing users to define which variables are
available at prediction time, the framework prevents consequent variables from being used
directly in the current prediction. At the same time, it allows their historical values to be
used safely through aggregation. This design helps reduce data leakage and improves the
reliability of model evaluation.

However, the results also show that the framework has limitations. In the EPL ex-
periment, the C4.5 model with discretisation and Particle Swarm Optimisation achieved
substantially higher accuracy than the proposed framework [29]. This suggests that small
datasets may benefit from distribution-aware transformations, such as binning or adap-
tive cut-point selection. Since the current framework does not explicitly provide distri-
butional information to the LLM, it may miss useful threshold-based features in small-
sample settings.

6. Future Work

Although the proposed framework improved predictive performance on both datasets,
several directions can further strengthen the approach.

First, future work should incorporate distribution-aware feature engineering. The EPL
results suggest that discretised and threshold-based features can perform strongly, espe-
cially on smaller datasets. Therefore, future versions of the framework could provide the
LLM with statistical summaries such as quantiles, variance, skewness, class distributions,
and entropy-based cut-points. This may help the LLM generate more effective adaptive
binning strategies and features for small or imbalanced datasets.

Second, the framework should be improved for scalability and efficiency. The current
implementation relies mainly on row-wise processing in Pandas, which may become
inefficient for larger datasets. Future work could use more scalable data-processing tools
such as Polars, distributed computing frameworks, or cloud-based execution to support
faster and parallel feature generation.

Third, future research should improve prompt stability and iterative feature refine-
ment. Since LLMs may occasionally generate invalid or inconsistent configurations, an
automatic validation module could be added to check generated outputs, detect errors, and
request corrected configurations. In addition, validation scores, feature importance values,
and model errors could be used as feedback for multiple rounds of LLM-based feature
generation, allowing the framework to gradually refine the feature space and generate
more useful temporal features.

Fourth, future work should evaluate the proposed framework across a broader range
of time series datasets. The current study assesses the framework on a daily financial
regression task and an event-driven sports classification task. These two settings differ in
sampling frequency, entity structure, task type, and noise characteristics, but do not cover
higher-frequency domains such as hourly energy consumption, sub-hourly healthcare
monitoring, or multi-entity industrial sensor data. Evaluating the framework on datasets
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with higher sampling frequencies, larger numbers of entities, and varying noise levels
would more thoroughly characterise its generalisability and identify any domain-specific
limitations that are not apparent from the current experiments. Public benchmarks such as
the UCI Appliances Energy Prediction dataset and hourly bike-sharing demand datasets
represent suitable candidates for this evaluation.

Replacing random subsampling with a walk-forward or rolling-origin evaluation
scheme that strictly preserves temporal order would provide a more rigorous robustness
assessment for time series tabular data and is identified as a priority improvement for
future versions of the framework.

7. Conclusions

This study proposed a time series-aware LLM-driven feature engineering framework
for tabular prediction tasks. The framework addresses a key limitation of existing LLM-
based feature engineering methods by explicitly incorporating temporal constraints into
the feature generation process. By separating variables into antecedent, consequent, and
historical aggregated features, the framework allows LLMs to generate useful temporal
features while reducing the risk of data leakage.

The proposed framework was evaluated on two datasets: Tesla stock prediction and
English Premier League match outcome prediction. In the Tesla experiment, the framework
reduced MAE compared with both the raw-feature baseline and the reported OCT-Tree
result. In the EPL experiment, it improved accuracy compared with the odds-only baseline
and the reported Azure ML preprocessing result. These findings show that LLM-guided
temporal feature engineering can improve predictive performance across both regression
and classification tasks.

The results also show that historical aggregation features are central to the framework’s
effectiveness. Many retained features were derived from past values of antecedent or
consequent variables, confirming that time series-aware feature construction can reveal
useful predictive signals that are not captured by raw features alone.

Despite these promising results, the framework can be further improved. In particular,
future work should focus on distribution-aware feature generation, scalable implementa-
tion, prompt validation, richer temporal transformations, and iterative feature refinement.
Overall, this study demonstrates that combining LLM reasoning with explicit temporal
constraints is a practical and promising direction for automated feature engineering in time
series tabular machine learning.
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