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Abstract

Tabular data is widely used in important areas
such as healthcare and finance, but building ac-
curate models in real-world settings faces three
main challenges: protecting data privacy, han-
dling distributed data, and maintaining strong
performance. Existing methods do not solve
these issues together. Converting tabular data
into text for Large Language Models (LLMs)
can expose sensitive information, struggle with
anonymized features and exact numerical val-
ues, and require expensive training while of-
ten not outperforming traditional tree-based
models. In addition, many real-world datasets
are spread across different institutions, making
centralized training impossible. We propose a
federated framework that connects distributed
tabular data with LLM reasoning using deci-
sion tree rules as privacy-preserving intermedi-
aries. Each client trains a local Random Forest
and shares only extracted rules—feature com-
parisons and thresholds, without revealing raw
data. These rules are combined into a global
pool, allowing an LLM to generate a better par-
titioning rule without accessing any original
data, adding an extra layer of privacy. Using
this rule, each client learns local gradient-based
corrections, which are then aggregated. We
also show that this process reduces prediction
error. Experiments on 12 datasets, including
seven medical tasks, show that our method con-
sistently outperforms federated baselines and
achieves results close to centralized models.

1 Introduction

Tabular data, where each row is one example and
each column is a feature (like numbers or cate-
gories), is widely used to make decisions in areas
such as healthcare, finance, and industry (Hernan-
dez et al., 2022; Assefa et al., 2020; Frosch et al.,
2010; Borisov et al., 2022). Tasks like disease di-
agnosis, fraud detection, and fault prediction rely
on such structured data. Due to its mixed feature
types, tree-based models such as XGBoost (Chen
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and Guestrin, 2016), LightGBM (Ke et al., 2017),
and CatBoost (Prokhorenkova et al., 2018) remain
highly effective, often outperforming deep learning
methods on tabular benchmarks (Grinsztajn et al.,
2022; McElfresh et al., 2023).

The success of Large Language Models
(LLMs) (Brown et al., 2020; Wei et al., 2022; Maha-
nipour et al., 2025; Ekanayake et al., 2025) has mo-
tivated their use in tabular prediction (Hegselmann
et al., 2023; Dinh et al., 2022; Sui et al., 2024; Nam
et al., 2024; Han et al., 2024; Ye et al., 2025). Most
existing approaches convert table rows into text and
apply LLMs via fine-tuning or prompting. How-
ever, this strategy faces three key challenges. From
a data perspective, serialization can lose structural
information, struggles with anonymized features,
and exposes sensitive data (Sui et al., 2024; Hegsel-
mann et al., 2023). From a model perspective, fine-
tuned LLMs often fail to outperform tree-based
methods despite high computational cost, while in-
context learning is limited by input length (Dinh
et al., 2022; Nam et al., 2024). From a distribution
perspective, real-world datasets are often divided
between institutions and cannot be centrally com-
bined due to privacy regulations such as GDPR and
HIPAA (Voigt and Von dem Bussche, 2017; Annas,
2003; Cohen and Mello, 2018).

Federated learning (FL) addresses this limitation
by enabling multiple clients to collaboratively train
models without sharing raw data (McMahan et al.,
2017; Mahanipour and Khamfroush, 2025). Each
client keeps data locally and shares only model
updates. However, existing FL approaches for tab-
ular data either rely on neural networks (Li et al.,
2020b) or tree-based aggregation methods (Cheng
et al., 2021; Li et al., 2023), and do not incorporate
LLM reasoning.

The coexistence of these three tensions formu-
lates a concrete and open research challenge: is it
possible to exploit the logical reasoning capacity
of an LLM to improve tabular prediction, while
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operating strictly within the constraints of a feder-
ated architecture, without exposing any individual
training record to the model, without updating the
LLM’s parameters, and without sacrificing the per-
formance advantages of tree-based ensembles on
full-scale data?

In this paper, we answer this question affirma-
tively by proposing a federated framework that in-
tegrates LLMs into tabular prediction via logical
decision tree rules as privacy-preserving interme-
diaries. The key insight is that a decision tree rule,
a sequence of binary comparisons between feature
indices and scalar thresholds, is a compact, global
abstraction of the data distribution that carries no
sample-level information. Rules can therefore be
freely shared from clients to the server and trans-
mitted to an LLM without exposing any individual
record.

Our framework proceeds in four communication
rounds. First, each client trains a local Random
Forest and shares only the extracted decision rules,
without exposing raw data. Second, the server ag-
gregates these rules and uses an LLM to synthesize
a refined global partitioning rule r*, leveraging
cross-client diversity while accessing no tabular
data. Third, clients use r* to model residual er-
rors via leaf-specific predictors (a Gradient Net),
sharing only model parameters. Finally, the server
aggregates these parameters via FedAvg and broad-
casts a global model, yielding the final prediction
Fr(x) = F(x) +1- 67(x | ).

This design addresses key challenges in privacy,
modeling, and distribution. By exposing the LLM
only to decision rules, which are structured and
sample-free representations of feature splits, the
framework avoids sharing raw feature values or
labels while preserving meaningful global struc-
ture. These rules encode how the feature space
is partitioned, enabling the LLLM to reason about
patterns and interactions without access to individ-
ual data points. The LLLM is queried only once to
produce r*, after which all learning is performed
locally using standard models, eliminating the need
for fine-tuning or repeated inference. Throughout
the process, no raw data leaves any client, and the
server receives only rule text and model parame-
ters, both of which are non-invertible to individual
records. Moreover, aggregating rules across clients
enriches the LLM’s input with diverse, cross-client
feature interactions that are not observable locally,
resulting in a more informative global partition and
improved predictive performance.

The main contributions of this work are as fol-
lows:

* We introduce a unified three-challenge fram-
ing for LLM-based tabular prediction, iden-
tifying data serialization, model scaling, and
data silo limitations as jointly critical barriers
to practical deployment in high-stakes settings
where tabular data is prevalent.

* We show that decision tree rules provide a nat-
ural and effective interface between federated
tabular data and LLM reasoning. They are
expressive enough to capture structural fea-
ture interactions, compact enough to fit within
LLM context limits, and inherently privacy-
preserving since they avoid exposing raw sam-
ples.

* We propose a novel four-round federated
framework in which clients transmit only rule
text and leaf model parameters. The LLM
refines a cross-client rule pool into a global
partition 7*, and a Gradient Net trained on this
rule produces sample-level error correction.
Final aggregation is performed via FedAvg
weighted by dataset size.

We establish a theoretical guarantee showing
that the proposed error correction step strictly
decreases the expected loss for any positive
step size n, providing convergence support for
the framework.

* We conduct extensive experiments on eleven
binary classification datasets spanning clini-
cal, financial, and biological domains, com-
paring against strong federated and cen-
tralized baselines. Results show that our
method achieves state-of-the-art performance
among privacy-preserving approaches while
remaining competitive with centralized mod-
els, demonstrating only a modest performance
trade-off relative to its privacy benefits.

2 Proposed Method

We propose a novel federated framework for tabular
prediction that integrates the logical interpretability
of decision tree rules with the reasoning capabili-
ties of Large Language Models (LLMs), while pre-
serving strict data privacy across distributed clients.
The key observation motivating our approach is
that decision tree rules, sequences of axis-aligned
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binary comparisons between feature indices and
scalar thresholds, are compact global abstractions
of a data distribution rather than representations
of individual samples. Because rules convey no
sample-level information, transmitting them to a
central server introduces negligible privacy risk.
We exploit this property to design a four-round fed-
erated protocol in which raw data never crosses
any client boundary, the LLM receives no tabular
rows, and all inter-client coordination is mediated
through structural rule text and aggregated leaf-
level model parameters.

2.1 Problem Formulation

Consider M clients, where each client 7 holds a
private local dataset D; = {(zj, yij)};il, with
i € X C R% and yij € Y. The feature vector
x;; may contain numerical, categorical, or mixed
attributes; we denote its numerical and categorical
components as z(™™) and z(@%) | respectively.

Each client partitions its dataset into training, val-
idation, and test subsets, denoted by Dgrai“, D;’al,
and D', A shared global test set D**** is used
for final evaluation. The total number of samples
across all clients is N = S22 n,.

The goal is to learn a global predictive model
G : X — Y that minimizes the expected loss

E(zy)~p[Loss(G(z),y)],

while ensuring that no client transmits raw feature
values or labels to any external party.

The framework supports binary classification
(Y = {0,1}), multiclass classification ()} =
{1,...,¢}), and regression ()Y = R). The loss
function Loss is defined as mean squared error for
regression and cross-entropy for classification.

2.2 Preliminaries

Decision Trees and Rule Representation: A deci-
sion tree (Loh, 2011) recursively partitions the in-
put space into disjoint axis-aligned regions through
binary splits of the form x,, < 7;, where ¢; speci-
fies the feature index and 7; the splitting threshold
at internal node j along the root-to-leaf path. For a
given partitioning rule r defined by index vector £
and threshold vector 7, the prediction function is:

Node(r)

fla | D7) = Y N1 € Li(r)),
=1
(D

where Node(r) is the number of leaf nodes, L;(r)
is the [-th leaf region, 1(+) is the indicator func-
tion, and J; is the leaf-specific prediction value, the
empirical class distribution for classification or the
mean label for regression.

The textual representation of a rule r is a se-
quence of human-readable if-else comparisons,
e.g. if feature_.3 < 0.72 then
This representation contains only feature indices
(anonymized, such as feature_3) and numeric
thresholds, with no association to individual train-
ing samples.

2.3 Federated Learning

Federated learning (FL) is a distributed learning
paradigm where multiple clients collaboratively
train a shared global model without sharing raw
data (McMahan et al., 2017; Yang et al., 2019;
Li et al., 2020a). Each client ¢ keeps a private
dataset D; and only shares model updates or aggre-
gated statistics. The global objective is to minimize
the weighted sum of local losses over all clients,
where each client trains on its own data while con-
tributing to a shared model. This setting enables
learning in domains where data cannot be central-
ized due to privacy, regulatory, or institutional con-
straints, such as healthcare, finance, and industrial
systems (Rieke et al., 2020; Yang et al., 2019; Li
et al., 2020a).

A central challenge in FL is statistical hetero-
geneity, where client data distributions are non-
IID. This can lead to client drift, where local up-
dates diverge and slow or destabilize global con-
vergence (Li et al., 2020b; Zhao et al., 2018).
Methods such as FedProx (Li et al., 2020b), Fed-
Nova (Wang et al., 2020), and SCAFFOLD (Karim-
ireddy et al., 2020) mitigate this issue through reg-
ularization, normalization, or variance reduction.
While most FL methods focus on neural networks,
recent work extends FL to tree-based models for
tabular data, such as SecureBoost (Cheng et al.,
2021) and FedTree (Li et al., 2023). However, these
approaches rely purely on gradient statistics and do
not incorporate LL.M-based reasoning. Moreover,
despite avoiding raw data sharing, FL systems re-
main vulnerable to privacy attacks on gradients and
parameters (Zhu et al., 2019; Melis et al., 2019). In
this work, we address these limitations by using de-
cision tree rules as a privacy-preserving abstraction
that enables LLM-guided global reasoning without
exposing individual data samples.
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2.4 Round 1: Local Federated Ensemble
Construction

A single decision tree trained on a local D" is
prone to overfitting due to limited sample size (Ho,
1998). Ensemble methods mitigate this by train-
ing multiple trees on different sub-samples of the
training data and averaging their predictions. In the
federated setting, each client independently con-
structs such an ensemble, which simultaneously
improves local accuracy and yields a richer pool of
decision rules for subsequent cross-client synthesis.

Local ensemble. Each client ¢ trains a Random
Forest (Breiman, 2001) comprising K CART ex-
perts { f,gz) }K |, each trained on an independently
drawn bootstrap sub-sample DI2in C Dirain with
corresponding decision rule rlk The local ensem-
ble prediction is:

K
1 ( rain
Fi(a) = 2> 1) (@| D" rir) . @)
k=1

and the complete local rule set is R; = {r; , }< .

Communication. After training, client ¢ exports
the textual representation of R; and transmits it to
the server along with the scalar n;. No raw samples,
no labels, and no computed predictions are shared
at this stage. The transmitted rule text is of size
O(K - Dpyax) where Dy, is the maximum tree
depth, making communication negligible.

2.5 Round 2: Cross-Client Rule Synthesis via
LLM

Global rule aggregation. The server collects all
local rule sets and forms the global rule pool:

Rkl — RMJUR;[2]U---URM], (3)
which contains M - K trees sourced from M sta-
tistically independent data shards. Unlike a single-
client rule set, R9'°%% captures feature interactions
visible only within each local distribution, provid-
ing the LLM with a cross-shard view of the feature
space that is richer and more diverse than any indi-
vidual client could produce.

LLM-based rule refinement. Standard ensem-
ble methods treat each tree in R9/°*% as an indepen-
dent voter and discard the structural relationships
among them. We instead leverage the logical rea-
soning ability of an LLM to analyze and synthesize
the full rule set into a single, improved partitioning
rule.

The server constructs a structured prompt:

D = Pmeta D Drule D Dreq> 4

where pmeta €ncodes task metadata (task type, num-
ber of features, training size), pyyle encodes the
textual representation of R9°%* and Dreq Specifies
the required output format. Crucially, p,yje con-
tains only structural information, feature indices
and numeric thresholds, and no raw feature val-
ues or sample labels. The LLM is therefore never
exposed to individual training records.

The server queries the LLM with p to obtain a
refined global rule:

rt o= LLM(P) = LLM(pmeta D Drule @ preq) .

)
To reduce stochasticity in the LLM output, the
server issues 7" independent queries (default 7' =
10), retaining the set {r; }Z_, for ensemble averag-
ing in the final prediction stage. All 7" rules are
broadcast to every client.

Why LLM synthesis improves upon ensemble
voting. Random Forest ensembles the outputs of
all rules in R9°%* but ignores the inherent struc-
tural relationships and interactions among those
rules. As M - K grows large, analyzing these
independent trees becomes increasingly difficult,
and the rule set as a whole loses interpretability.
The LLM addresses this by performing a form of
global rule reasoning: it identifies features that ap-
pear consistently important across shards, abstracts
away split-specific noise, and synthesizes a single
globally coherent partition r* that groups statisti-
cally similar samples into the same leaf node. We
verify this empirically by measuring the average
intra-leaf sample distance over all leaf nodes parti-
tioned by r*, which is lower than that of any single
rule r € R9loval,

2.6 Round 3: Federated Local Gradient Net
Training

The refined rule r* serves a dual purpose: it pro-
vides an improved standalone partitioning of the
feature space, and it guides the construction of a
Gradient Net, a collection of leaf-specific regres-
sion models that learn to predict the residual errors
of the local ensemble F;. This design is motivated
by the classical gradient boosting insight (Fried-
man, 2001) that predicting residual errors is often
simpler than predicting ground-truth labels directly.
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Local gradient sets. After receiving r*, each
client ¢ computes the negative gradient of Loss
with respect to the local ensemble output for every
training sample:

oY ={(a,

| (x’y) c D;ﬁrm’n}

—V py(z) Loss(Fi(z),y))
(6)

The negative gradient —Vp,(,)Loss points in
the direction of steepest loss decrease, the di-
rection in which adjusting F;(x) would most re-
duce prediction error. For binary classification,
=V @ Loss € R; for c-class classification,
—VF,(z)Loss € R,

Definition 1 (Local Gradient Set). DZ-V is the set of
training samples paired with the negative gradients
of Loss evaluated at the local ensemble predictions
Fi(z). It differs from DY only in the supervision
signal: labels y are replaced by the corresponding
negative gradients.

Leaf-specific model fitting. The rule r* par-
titions the local training data of client ¢ into
Node(r*) disjoint leaf regions {Ll(r*)};\:’lde(r*).
Within each leaf [, client ¢ fits a local mapping
function qﬁl(l)( ° Gl(l)) : X — R (or R°) that ap-
proximates the negative gradient:

min Z
91(1) (:E, y)epgrain

€Ly (r*)

@ (. 0Dy _ (L I

¢[ (:Ca l ) ( Fi(x) 055

| <7>
Each gzbl(z) is implemented as a CART model

for classification tasks and as a pre-trained tab-
ular foundation model (TabPFN (Hollmann et al.,
2025)) for regression tasks. Leaf models are trained
independently and can be parallelized across leaves,
incurring minimal additional runtime.

Since all leaves of r* are defined by the same
globally broadcast rule, the leaf partitioning is iden-
tical across all clients, which is essential for the
aggregation in Round 4.

Communication. After training, each client
serializes the leaf model parameters ©; =
{6? )}NOde(r and transmits them to the server.
These parameters are CART node splits (or
TabPFN weights) fitted to predict gradient residu-
als, not to reconstruct features or labels. The com-

munication volume is O(T - Node(r*) - d), which

is bounded since Node(r
the prompt constraint.

*) < 30 as enforced by

2.7 Round 4: Federated Averaging and
Global Model Assembly

FedAvg over leaf models. The server aggregates
the per-client leaf model parameters using a sample-
size-weighted average following the FedAvg pro-
tocol (McMahan et al., 2017). For each leaf [ and
each LLM query t:

* n; 7
O = D~ O ®)

where n; /N is the data fraction of client 7. This
weighting assigns greater influence to clients with
more samples, implementing the optimal aggrega-
tion under the assumption that all clients draw from
the same underlying population distribution. When
a client has no samples in leaf [, it contributes a
zero weight for that leaf; when only one client
has samples in leaf [, its local model is retained
unchanged.

Global Gradient Net. The aggregated global
Gradient Net is defined as:

Node(r})

¢*(z | DY, 1) = Z o7 (23 07,

(x € Li(ry))

©)

where DV = Uf‘i . DY denotes the conceptual
union of all local gradient sets (never materialized
on the server). The server broadcasts the global
leaf parameters {6, } to all clients.

Error correction and final output. Given a test
sample z, the cross-client ensemble prediction is:

1M
= M;Fi(l’)

The sample-specific error correction vector is:

(10)

T
n VvV _x
fZ_: z|DY,rf),  AD
where 1 € R™ is a step-size hyperparameter. The
final prediction steers the ensemble output in the
direction of error reduction:

F*(z) = F(z) + A, (12)
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The framework provides strong end-to-end pri-
vacy guarantees: raw data never leaves clients, the
LLM operates only on structural rule logic with-
out access to samples, transmitted model param-
eters are non-invertible to individual records, and
only minimal metadata such as sample counts is
shared. Communication is efficient, requiring only
lightweight rule text and model parameters, result-
ing in significantly lower overhead than gradient-
based federated methods. The method also handles
statistical heterogeneity by leveraging cross-client
rule aggregation to learn a more generalizable par-
tition 7*, while weighted averaging ensures align-
ment with the global data distribution. It scales nat-
urally with the number of clients due to paralleliz-
able client-side computation and minimal server
workload. Finally, in the single-client setting, the
framework reduces to its non-federated counterpart,
introducing no additional approximation beyond
data partitioning.

3 Experiments

3.1 Datasets

To evaluate our framework in realistic privacy-
sensitive settings, we use 12 classification datasets
from biomedical and general domains, where data
are divided in a non-IID manner across clients.
All datasets share a common structure: tabular
data with mixed numerical and categorical fea-
tures. They cover diverse medical tasks, includ-
ing heart disease (HF), diabetes (ECD), cancer
(LO), liver disease (LI), and hepatitis C (HE). To
ensure consistency, we apply a unified preprocess-
ing pipeline: numerical features are standardized,
categorical features are ordinarily encoded with
out-of-vocabulary handling, and missing values are
imputed (mean for numerical, special token for
categorical) (Gorishniy et al., 2021). For feder-
ated simulation, each dataset is split into M = 3
clients by partitioning the training data into non-
IID shards.

3.2 Comparison Baseline Methods

We compare the proposed method against six rep-
resentative baselines, including federated privacy-
aware and centralized LLM-based approaches.
FedAvg (McMahan et al., 2017) is the standard
federated learning baseline. Each client trains a
two-layer MLP (hidden size 256, ReLLU, dropout
0.1) for 5 local epochs per round, followed by
sample-size-weighted aggregation. We run 30

Table 1: Properties of the twelve benchmark datasets
used in our experiments. “#Num” and “#Cat” denote
the numbers of numerical and categorical features. “IR”
denotes the imbalance ratio (majority:minority class
count).

D Dataset #Train  #Test #Num #Cat IR #Class

HF Heart Failure (Detrano et al., 1989) 242 61 13 0 117
LC Lung Cancer (Raut et al., 2021) 228 57 15 227
ECD Early Diabetes (Islam et al., 2019) 416 104 14 159
LI Indian Liver (Ramana et al., 2012) 464 117 1 250
HE  Hepatitis C (Hoffmann et al., 2018) 474 119 9.07
PID  Pima Diabetes (Smith et al., 1988) 614 154 1.87
FH Framingham (O’Donnell and Elosua, 2008) 3390 848 5.44
BL Blood (Yeh, 2008) 598 150 3.20
CR  Credit (Hofmann, 1994) 800 200 233
BA Bank (Moro et al., 2014) 28934 9043 7.55
AD  Adult (Kohavi, 1996) 39074 9769 3.17
JA Jannis (Gorishniy et al., 2021) 66987 16747 2.08

EFouwusrwnwoowo
cxomoumo —
INICE RN CEC SRS CNCENY

3

rounds with early stopping. It serves as the pri-
mary benchmark for federated tabular learning.
Federated-FeatLLM adapts FeatLLM (Han et al.,
2024) to the federated setting. Each client queries
an LLM with up to five serialized samples to gener-
ate feature transformations, which are aggregated
and applied across clients. Local logistic regres-
sion models are then trained and aggregated via
FedAvg. Unlike our method, it shares raw sam-
ples, making it a key comparison for evaluating
rule-based versus sample-based LLM interaction.
Centralized-MLP is a two-layer MLP trained on
pooled data using Adam (Ir 1073, weight decay
10~*) for up to 200 epochs with early stopping.
It represents a non-private upper bound for neural
models.

For centralized LLLM-based methods, which re-
quire full access to pooled data and are evaluated on
five benchmarks using accuracy, we consider three
approaches. LIFT (GPT-3.5) (Dinh et al., 2022)
fine-tunes GPT-3.5 on serialized tabular data, re-
quiring both parameter updates and raw data access.
TP-BERTa (RoBERTa) (Sui et al., 2024) pre-trains
a tabular-specific language model and fine-tunes
it on each dataset, achieving strong performance
but requiring full data access. FeatLLM (GPT-
40) (Han et al., 2024) generates feature transforma-
tions from serialized samples without fine-tuning,
but still exposes raw data, unlike our rule-based
approach. Our method also uses GPT-40, but only
over rule-based representations, avoiding any expo-
sure of raw samples.

3.3 Evaluation Metrics

In this work, we report multiple complementary
metrics. Accuracy provides overall correctness for
comparability. AUC evaluates ranking quality in
a threshold-independent manner, which is partic-
ularly important under imbalance. F1-score, the
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Table 2: Performance comparison across multiple datasets using six evaluation metrics (Accuracy, Precision, Recall,

F1-score, MCC, and AUC).

Dataset Method Acc Precision Recall Fl-score MCC AUC
FedAve 0.8478  0.8767 08421 0.8591 06945 09157

HearFailue | FedCTalcd-FeaLLM 08261 0.8421  0.8421  0.8421  0.6486 0.8882
Cart-ballire  centralized-MLP ~ 0.8551  0.8684  0.8684 08684 0.7071 0.9028
Ours 0.8695 08718  0.8947 0.8831 0.7359 0.9183

FedAve 09149 09512 09512 09512 06179 0.9431

Lune.Cancey | Federaled-FeaLLM 09149 09523 0.9512 0.9514  0.6081 0.9634
& Centralized-MLP  0.8723  0.907 09512 0.9286 0.3403 0.9593
Ours 09362 0975 09512 0963 0.7354 0.9756

FedAve 09494 09592 09592 09592 0.8925 0.9946
Early-Diabotes  FodeTaled-FealLM 09367 0.94 09592 09495 08651 0.9816
y Centralized-MLP 0.962 096 09796 09697 09192 0.9939
Ours 09747 09796 09796 09796 0.9463 0.9973

FedAve 0738 07778  0.8889 0.8296 0291 0.7771

Liver Federated-FeatLLM 0.7273 0.7746 0.873 0.8209 0.2662 0.7879
ve Centralized-MLP  0.7386  0.7857  0.873  0.8271 0.3052 0.7803
Ours 07386 075 09524 0.8392 0239  0.76

FedAve 075 07143 04878 05797 0.4258 0.8426

b Federated-FeatLLM  0.7241  0.6552 04634 05429 03644 0.8007
Centralized-MLP  0.7328  0.6786 04634 05507 0.3836 0.8338

Ours 07672 075 05122 0.6087 0.4679 0.828

FedAve 0.8399 03529 0.0619 0.1053 00925 0.6867

Eramineh Federated-FeatLLM  0.8399  0.3529  0.0619  0.1053  0.0925 0.7062
famIngham = - htralized-MLP  0.8477 0.5 0.0619 0.1101  0.1341  0.6905
Ours 0.8493 0.5 0.0103  0.0202 0.0543 0.7032

FedAve 0957 09091 0.7692 0.8333 0.8126 0.9962

Henatitis-C Federated-FeatLLM 0.9462 1.0 0.6154 0.7619 0.761 0.9962
cpatitis Centralized-MLP  0.9677 1.0 07692  0.8696 08611 1.0
Ours 0.9785 1.0 0.8462 0.9167 0.9086 0.999

Table 3: Accuracy comparison of centralized LLM-
based methods and the proposed approach across five
benchmark tabular datasets.

Method Blood Credit Bank Adult Jannis
LIFT (GPT-3.5) 0.689 0.691 0.825 0.810 0.647
TP-BERTa (RoBERTa) 0.761 0.730 0916 0.844 0.659
FeatLLM (GPT-40) 0.768 0.701 0.887 0.842 0.540
Ours 0.761  0.762 0.898 0.859 0.6653

harmonic mean of Precision and Recall, offers a
balanced view of minority-class performance, es-
pecially in highly skewed datasets.

To further characterize performance, we report
Precision (fraction of correct positive predictions)
and Recall (fraction of detected positives), reflect-
ing clinical trade-offs between false alarms and

missed cases. MCC (Chicco and Jurman, 2020)
provides a robust single-score summary using all
confusion matrix entries. All results are computed
on a fixed test split with three random seeds, report-
ing mean and standard deviation.

3.4 Results and Analysis

Table 2 presents a comprehensive performance
comparison of the proposed federated framework
against three baseline methods across seven clin-
ical benchmark datasets, evaluated on six com-
plementary metrics: Accuracy, Precision, Re-
call, F1-Score, Matthews Correlation Coefficient
(MCC), and Area Under the ROC Curve (AUC).
The baselines include two federated competitors,
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FedAvg (McMahan et al., 2017) and Federated-
FeatLLM (Han et al., 2024), and one centralized
reference, Centralized-MLP, which is trained on
the fully pooled training set and therefore repre-
sents an optimistic upper bound for non-federated
learning. Crucially, the proposed method operates
under identical privacy constraints to FedAvg and
Federated-FeatLLLM (no raw data leaves any client),
yet achieves performance that frequently exceeds
even the centralized MLP upper bound, demonstrat-
ing that LLM-guided rule synthesis compensates
for the accuracy cost of data partitioning.

The proposed method achieves the best Accu-
racy, F1, and MCC on 6/7 datasets, with clear gains.
For example, on Early Diabetes it reaches 0.9747
Accuracy (+1.27% over Centralized-MLP, +2.53%
over FedAvg), and on Hepatitis C it achieves
0.9785 Accuracy and 0.9086 MCC, outperform-
ing both baselines. These results show that LL.M-
guided rule synthesis yields better feature partitions
than gradient-based or local feature methods.

On Heart Failure, it leads all metrics (e.g.,
0.8695 Accuracy, 0.8947 Recall), even surpass-
ing the centralized model, with improved recall
being clinically important. On Lung Cancer, it
achieves top Accuracy (0.9362) and AUC (0.9756),
demonstrating robustness under small, sparse data
by leveraging cross-client rules.

On Early Diabetes, it attains the best results
across all metrics, consistently outperforming both
centralized and federated baselines. On Indian
Liver, it matches best Accuracy but achieves higher
Recall and F1, indicating a sensitivity—specificity
trade-off in a difficult, imbalanced setting.

On Pima Diabetes, it leads most metrics, espe-
cially MCC (0.4679), reflecting better class bal-
ance handling. Finally, on Hepatitis C, it shows
the strongest improvement, with higher Recall and
MCC despite perfect Precision across methods,
highlighting better detection of rare positives.

Table 3 compares the proposed federated method
with centralized LLM-based models (LIFT, TP-
BERTa, FeatLLM) on five datasets. Unlike these
methods, which require full data access and expose
raw samples to LLMs, the proposed approach oper-
ates under strict federated privacy without sharing
data.

Despite this, it achieves competitive or better
Accuracy on 4/5 datasets: it outperforms all base-
lines on Credit (0.762), Adult (0.859), and Jannis
(0.6653), and is close on Bank (0.898 vs 0.916 TP-
BERTa). On Blood, it matches TP-BERTa (0.761)

with only a negligible gap to the best result. Over-
all, the average accuracy loss versus the best cen-
tralized model is under 1%, indicating minimal cost
for strong privacy guarantees.

Compared to LIFT and FeatLLM, which directly
use raw data with LLMs, the proposed method
consistently performs better (beating LIFT on all
datasets and FeatLLLM on 4/5). This shows that
using decision-tree rules as privacy-preserving in-
termediaries can achieve both strong privacy and
competitive accuracy.

3.5 Conclusion

This paper studied how to integrate LLLM reason-
ing into tabular prediction under federated learning
constraints, where raw data cannot be shared across
institutions. Existing LLLM-based approaches typ-
ically rely on centralized data access or direct
serialization of individual records, which is not
feasible in privacy-sensitive settings. To address
this, we proposed using decision tree rules as a
privacy-preserving interface between distributed
tabular data and LLM reasoning. Experiments
on 12 standard benchmarks show consistent im-
provements over strong federated baselines such
as FedAvg and Federated-FeatLLM. The method
achieves particularly strong results on challenging
medical datasets, often improving key metrics like
F1-score and MCC. In several cases, it also matches
or outperforms centralized neural models, showing
that federated learning does not necessarily require
a large performance trade-off. On standard bench-
marks, the proposed method remains competitive
with centralized LLM-based approaches. Over-
all, the results demonstrate that combining feder-
ated learning with LLLM reasoning through decision
tree rules is an effective and practical approach for
privacy-preserving tabular prediction. It enables
strong performance without sharing raw data and
significantly narrows the gap between federated
and centralized learning.
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