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Abstract

Sharing tabular data in high-stakes domains is constrained by privacy regulations. Synthetic data offer a
promising alternative, but deep generative models are costly to train and difficult to audit, while LLM-
based methods often serialize records as text, obscuring tabular structure and exposing sensitive data. We
introduce Tabular Synthesis Strategy Designer (TabSSD), which uses an LLM to design synthesis procedures
rather than directly generate records. TabSSD provides the LLM with tree-derived summaries of variable
dependence rather than raw records, which produces Python programs for local execution and evaluation.
Across twelve datasets, TabSSD strikes a favourable balance among statistical fidelity, predictive utility, and
empirical privacy risk, achieving the best average rank across six metrics among ten methods. Moreover,
it substantially reduces local computation and token consumption relative to the compared methods. By
enabling human-guided refinement and eliminating user-side model tuning, TabSSD lowers the expertise
and infrastructure barriers to transparent tabular data synthesis.

Introduction

Tabular data, which combine heterogeneous (e.g., numerical and categorical) variables, underpin applications
in various domains such as healthcare and physical systems [1, 2]. Collaboration and data sharing in these
settings are increasingly constrained by stringent data-protection regulations, including the European Union’s
General Data Protection Regulation [3]. Tabular data synthesis offers a promising solution for data use
without releasing sensitive records. High-quality synthetic data must balance statistical fidelity, downstream
utility, and privacy: they should preserve the distributions and variable relationships of the original data
so that models trained on them remain effective and generalizable, while minimizing memorization and
re-identification risks [4, 5]. In safety-critical applications, the synthesis process should also be transparent
and auditable, enabling domain experts to identify potential failure modes and determine whether the
resulting data are suitable for downstream use.

Existing synthesis approaches, however, face limitations arising from their underlying modelling
paradigms. Classical statistical methods [6-8] provide interpretable and principled mechanisms for tabular
synthesis, but the reliance on distributional assumptions can limit their effectiveness for high-dimensional
data with strong variable dependence [9, 10]. Deep generative models, including generative adversarial net-
works [11-13] and diffusion models [14-16], offer greater modelling flexibility but encode data distributions
implicitly within neural network parameters (Fig. 1a). Their generation mechanisms are therefore difficult
to inspect or audit. In high-stakes domains, this opacity limits experts’ ability to understand the generation
logic, diagnose failure modes, and correct undesirable behaviours [17, 18]. Moreover, adapting these models
to new data typically requires computationally intensive retraining.

Large language models (LLMs) have recently been adapted for tabular tasks [19, 20], but using them
directly as record-level generators for tabular synthesis creates a modality mismatch: LLMs are optimized
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for sequential text, whereas tabular records are heterogeneous, non-sequential, and order-invariant [21, 22].
Existing approaches commonly address this mismatch by serializing rows into text sequences (Fig. 1b).
Such representations obscure variable dependence and impose an artificial order that does not reflect the
intrinsic structure of tabular data [21]. Methods based on serialized records generally rely on either task-
specific fine-tuning [23, 24] or in-context learning [25, 26]. Fine-tuning is data-intensive and computationally
expensive, and in-context learning must infer the joint distribution from a limited set of examples and incurs
increasing context-window and token costs as more examples are provided. Record serialization can also
expose raw data during LLM adaptation or prompting, introducing additional privacy risks [27, 28]. These
limitations motivate a different paradigm in which the LLM reasons over summarized data structure rather
than generating records directly from raw examples.

We propose the Tabular Synthesis Strategy Designer (TabSSD), which shifts the role of the LLM from a
record-level generator to a high-level strategy designer. TabSSD draws on conditional modelling in statistical
practice (Fig. 1c), where a complex joint distribution is decomposed into a sequence of conditional models. To
represent tabular structure without exposing raw records, TabSSD uses chained classification and regression
trees (chained trees, hereafter) as a language-compatible bridge. These trees capture variable dependence
through decision rules [29, 30], compressing variable-dependence structure into compact prompts. Guided
by these prompts, the LLM identifies redundant predictive dependence, determines sampling orders, selects
appropriate conditional samplers, and expresses the resulting synthesis strategy as executable Python code
(Fig. 1d). Because the synthesis logic is represented as inspectable, executable code, domain experts can
audit its rules, diagnose empirical anomalies, and make targeted revisions without computationally expensive
retraining. By automating dependence extraction, strategy generation, local validation, and candidate
selection, TabSSD lowers the expertise and computational requirements of tabular synthesis. Through a
standardized interface, it produces locally executable and inspectable programs without requiring users to
design deep generative models, fine-tune LLMs, perform extensive hyperparameter tuning, or rely on local
GPU acceleration.

We evaluate TabSSD on twelve heterogeneous datasets spanning a range of dimensionalities and sample
sizes. Compared with representative deep generative models and LLM-based methods, TabSSD achieves a
favourable balance among statistical fidelity, downstream utility, and privacy while substantially reducing
computational and token costs. A case study on a severely imbalanced clinical dataset further demonstrates
its practical use for minority-outcome augmentation and assesses whether the generated data preserve
clinically meaningful phenotype distributions beyond conventional statistical metrics. Overall, these results
show that strategy-level LLM reasoning provides a transparent and efficient approach to privacy-preserving
tabular data synthesis and may extend to other heterogeneous data modalities.

Results

Overview of TabSSD

As shown in Fig. 1d, TabSSD is an end-to-end framework that converts tabular data into executable
synthesis strategies. It first extracts predictive dependence among variables using chained trees and encodes
this information in a compact prompt. The LLM then analyses the dependence structure and designs
multiple candidate strategies, each implemented as a Python program. These programs run locally and
undergo evaluation for statistical fidelity, empirical privacy risk, and computational efficiency. The selected
program synthesizes the data and provides an inspectable generation procedure. This design shifts the role
of the LLM from record-level generation to strategy design. Because the LLM receives summaries of the
variable-dependence structure rather than training records, the original data remain in the local environment
throughout synthesis and evaluation. TabSSD runs on CPU only and is summarized as Algorithm 1.

Datasets, baselines, evaluation, and settings

We assess TabSSD on 12 real-world datasets and in a clinical data-augmentation experiment. Supplementary
Table 1 provides the data descriptions. We compare TabSSD with methods that span several synthesis
paradigms: tabular deep generative models (CTGAN [31] and TVAE [31]), diffusion-based models (TabD-
DPM [32], TabDiff [33], and TABSYN [34]), a fine-tuned LLM using record serialization (GReaT [23]), tree-
and energy-based models (ARF [35] and NRGBoost [36]), and the interpolation method SMOTE [7]. Each
method uses the same train—test splits and generates as many synthetic samples as the corresponding train-
ing set contains. When required, validation uses only the training data. In the main experiments, TabSSD
queries Gemini-2.5-Pro 10 times per dataset to generate candidate strategies. All local stages of TabSSD,
including tree fitting, candidate execution, strategy evaluation, and final synthesis, run on CPU. Among
the baselines, the tree-based methods ARF and NRGBoost run on CPU, and others use GPU acceleration
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Fig. 1 Comparison of tabular data synthesis paradigms and overview of the proposed TabSSD framework.
a, Conventional deep generative models encode data distributions implicitly within trained parameters, resulting in opaque
generation mechanisms that are difficult to inspect or audit. b, Existing LLM-based methods serialize tabular records into
one-dimensional text sequences, obscuring variable dependence, increasing computational overhead, and exposing raw records in
prompts. ¢, Human experts instead analyse variable dependence and domain constraints to design tailored synthesis strategies.
d, TabSSD similarly positions the LLM as a strategy designer. Chained trees extract the variable-dependence structure from the
original data. This information is distilled and combined with the task definition, evaluation criteria, reasoning instructions, and
output specification, forming a prompt. Without accessing raw records, the LLM analyses the variable-dependence structure
and produces multiple executable Python strategies. These candidates are executed and evaluated locally for statistical fidelity,
empirical privacy risk, and runtime. Finally, the selected strategy is used to generate synthetic data.

because their running on CPU is prohibitively slow. We follow the scheme of TABSYN [34] to report results
averaged over 20 randomly sampled synthetic data. Supplementary Note A.2 provides the implementation
details. Across all datasets, we use the same prompt template, validation procedure, and selection criteria.
No dataset-specific synthesis has been designed, tuned, or selected manually.

We evaluate the synthetic data from four perspectives: statistical fidelity, downstream predictive utility,
empirical privacy risk, and computational efficiency. We additionally examine inspectability and editability
through code-level case studies. Statistical fidelity is measured by marginal distribution error, pairwise
correlation error, and a-precision, quantifying how well the synthetic data preserve the empirical properties
of the real training data. Under the train-on-synthetic, test-on-real protocol, AdaBoost [37], Random
Forest [38], and XGBoost [39] are used as downstream models to measure predictive utility, and we report
their mean performance. Distance to closest record (DCR) measures empirical memorization risk, and 6-
presence measures empirical re-identification risk. Computational efficiency is reflected by the time required
for the entire data synthesis process. The code-level case studies examine whether the resulting procedures
are inspectable and editable. Supplementary Note A.3 defines the evaluation metrics.

Synthetic data fidelity, utility, and privacy risks

We compare TabSSD with the baseline synthesis methods on 12 real-world datasets and examine statistical
fidelity, downstream predictive utility, and empirical privacy risk. Fig. 2 summarizes the trade-offs: TabSSD
combines low statistical errors and competitive predictive utility with a favourable empirical privacy profile.
Supplementary Tables 2—7 report the complete numerical results.

Statistical fidelity and variable dependence. SMOTE attains high statistical fidelity and predictive
utility through linear interpolation between two data records. This mechanism preserves local geometry but
produces the least favourable DCR result, indicating higher memorization risk and limiting its applicability
for privacy-preserving data sharing [40]. We therefore focus the performance analysis and comparison on
the deep generative and LLM-based methods. Among these methods, TabSSD has the second-lowest mean
marginal distribution error (3.80%), close to TabDiff (3.74%; Fig. 2a). TabSSD also has the lowest mean
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Fig. 2 Statistical fidelity, predictive utility, and empirical privacy risk of representative tabular data synthesis
methods. a, Statistical fidelity on 12 datasets, measured by marginal distribution error and pairwise correlation error. Lower
values indicate higher fidelity. Boxes span the interquartile range, centre lines show the median, whiskers extend to 1.5 times
this range, diamonds show the arithmetic mean, and dots denote performance on individual datasets. Because GReaT serializes
tabular records as a text sequence, inputs from four high-dimensional datasets (SpeedDating, Jasmine, DNA, and DARWIN)
exceed the LLM’s context window; the GReaT results cover the remaining eight datasets. TabSSD is comparable to the best-
performing SMOTE and better than the generative baselines. b, Pairwise correlation preservation on the Blood dataset. Each
cell reports the preservation score for a variable pair, and the value in the centre reports the mean across all pairs. Higher values
indicate better performance. ¢, Trade-off between downstream utility and DCR. A lower adjusted DCR indicates less proximity
to training records and lower potential memorization risk. d, Trade-off between d-presence and a-precision. Lower §-presence
indicates lower empirical re-identification risk, and higher a-precision indicates higher sample-level fidelity. Panels ¢ and d
report the performance averaged across datasets with available results. Methods on the top left are preferred, and TabSSD is on
the Pareto front in both comparisons. e, Ranking profiles of TabSSD, TabDiff, SMOTE, and GReaT across marginal fidelity,
pairwise fidelity, utility, adjusted DCR, a-precision, and d-presence. For each metric, all ten evaluated methods are ranked in the
preferred direction, with rank 1 denoting the best performance. The ranks are mapped such that better performance appears
closer to the outer ring. Across the six metrics, TabSSD ranks third, second, second, third, first, and second, respectively, yielding
an average rank of 2.17. Among all methods compared, TabSSD exhibits the strongest and most balanced overall ranking profile.

pairwise correlation error (3.89%), a relative reduction of 19.79% from ARF (4.85%), the second-best method
compared, and 43.95% from TabDiff (6.94%). On the Blood dataset, TabSSD achieves a mean pairwise
correlation preservation score of 0.971, better recovering variable correlations than the other generative
methods (Fig. 2b).

Fidelity—utility—privacy trade-offs. High statistical fidelity and predictive utility can be achieved by
sacrificing privacy protection. Fig. 2c and Fig. 2d show that TabSSD is on the Pareto front of the
utility—memorization and fidelity—re-identification comparisons, respectively. TabSSD combines competitive
predictive utility and leading a-precision with memorization and re-identification risks that are compara-
ble to or lower than those of the strongest baselines. Among other well-performing methods, GReaT and
CTGAN have a favourable adjusted DCR but lower predictive utility and a-precision, whereas ARF and
TabDiff have favourable d-presence but a lower utility and/or a less favourable adjusted DCR than TabSSD.
Fig. 2e summarizes the six metrics in a rank-based radar plot. Each metric is ranked across the evaluated
methods, with better ranks plotted closer to the outer boundary. TabSSD achieves the best average rank of
2.17 across the six metrics and is near the outer boundary, indicating its balanced performance.
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More importantly, TabSSD mitigates a source of exposure not captured by these empirical metrics: raw
records are not transmitted to the LLM during strategy generation. The LLM receives abstract partition
rules rather than raw records, while tree extraction and synthesis execution remain within the data holder’s
environment. Ablation studies support the contributions of tree-based dependence extraction, compact
dependence encoding, and explicit prompt guidance (see Supplementary Tables 8-10). In addition, the
framework remains applicable across the evaluated LLM backbones, although synthesis performance varies
across models and datasets (see Supplementary Table 11).

Scalability and token efficiency

Computing efficiency and scalability. We assess computational scalability across 12 datasets that vary in
training data size N and variable dimension J + 1 (J features and 1 label) and report method efficiency
in Fig. 3. TabSSD requires a 199.6-second end-to-end runtime averaged across datasets. ARF, the fastest
generative baseline compared, requires 332.6 seconds, or 1.7 times the TabSSD runtime (Fig. 3a). The
other baselines require 3.4 to 38.4 times the TabSSD runtime. Notably, the reported runtimes of the deep
generative baselines are obtained with GPU acceleration; on CPUs, these methods are prohibitively slow.
By contrast, TabSSD’s local execution uses CPU only. The runtime decomposition in Fig. 3b attributes
77.1% of TabSSD runtime to LLM querying and 22.9% to tree fitting and synthesis execution. Fig. 3c
presents dataset-level runtime ratios, calculated as baseline method runtime divided by TabSSD runtime.
Values above 1 indicate that TabSSD is faster. Overall, TabSSD is competitive in terms of computing
speed, and its largest runtime advantages occur on high-dimensional data. Following established empirical
computational-complexity analyses [41], we fit a log-linear model, log T = «a + By log N + 85 log(J + 1), to
TabSSD runtime and the geometric mean runtime of the baselines. The baseline runtime has a significant
positive association with training data size (S = 0.48), whereas TabSSD exhibits an insignificant, near-zero
association (By = 0.04; Fig. 3d). Within the evaluated datasets, TabSSD runtime shows no detectable
association with training-data size (8y = 0.04, P = 0.51). This finding is consistent with the use of compact
tree summaries instead of serializing records. Variable dimensionality has similar associations with TabSSD
and baseline runtime (5; = 0.30 and 0.37, respectively), but TabSSD retains a lower absolute runtime
(Fig. 3e). Supplementary Table 12 reports the results for each dataset.

Token efficiency and context management. We compare TabSSD with record serialization, a common
approach used by LLM-based tabular synthesis methods. On low-dimensional datasets, TabSSD and
serialization have comparable token consumption. As the variable dimension increases, however, serialization
becomes increasingly costly and requires up to 130.3 times as many tokens as TabSSD (Fig. 3f). TabSSD’s
token efficiency stems from its use of compact chained-tree rules rather than raw record and variable
values. For high-dimensional data, a greedy set-cover algorithm selects a subset of trees that covers all
the variables (Algorithm 1). Thus, increasing the data dimension adds only the rules needed to include
previously uncovered variables, rather than replicating the entire dataset in the prompt. For example, a
coverage of DARWIN’s 451 variables requires rules from only 54 trees. By separating dependence extraction
from prompt construction, TabSSD limits token growth and avoids the context-window failures that are
often observed with record serialization.

Transparent data synthesis and human-in-the-loop auditing

From variable dependence to transparent code synthesis. TabSSD produces inspectable and executable Python
programs. We illustrate this procedure using Adult, a census dataset commonly used to predict whether annual
income exceeds 50,000 U.S. dollars from demographic, educational, employment, and financial variables [42].
To reduce redundancy across the chained trees (Supplementary Fig. 1), the LLM distils the extracted
variable dependence into a directed graph. As shown in Fig. 4a, the graph designates education.num,
relationship, and age as root variables, maps education deterministically from education.num, and
assigns an appropriate estimator to each remaining variable—for example, a regression tree for capital.gain.
TabSSD renders the resulting strategy as executable Python code, which is shown in Fig. 4b with details
provided in Supplementary Note D. This enables domain experts to inspect, audit, and modify the synthesis
logic. Notably, the LLM does not receive the original variable names; the variable names restored in the
figure are solely for illustration.

Human-in-the-loop interventions. Generative models can inherit biases in their training data, like sex-
related disparities in Adult. TabSSD’s generated scripts support direct code-level interventions without tree
retraining or prompt editing. For example, if a user wants to reduce gender bias in their synthetic data
to be shared, they can remove sex from the predictors for occupation and add group-wise probability
calibration for income (Fig. 4c) without regenerating the data synthesis strategy. We assess the original
and edited strategies using Cramér’s V for the association between sex and occupation, the absolute
demographic-parity difference (|JDPD|) between female and male high-income rates, and the counterfactual
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Fig. 3 Scalability and efficiency. Deep generative baselines and the serialization-based method GReaT use GPU acceleration.
The runtime of TabSSD reported in a to e is calculated as the sum of the tree-fitting time and the parallel execution time of
ten LLM queries and local syntheses. a, End-to-end runtime of data synthesis averaged across datasets. Parenthetical values
indicate runtime relative to TabSSD. b, Decomposition of TabSSD’s mean end-to-end runtime into tree fitting, LLM querying,
and synthesis execution. ¢, Ratios of baseline runtime to TabSSD runtime on the 12 datasets. Values greater than 1 indicate
that TabSSD is faster; dashes indicate unavailable results of GReaT due to the LLM’s context window constraint. Datasets
are ordered by training-set size in ascending order. Parenthetical values below dataset names indicate the number of variables
J + 1. d, End-to-end runtime as a function of training-data size N. Each point represents one dataset, with TabSSD compared
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In d and e, lines show trends estimated using a log-linear model, logT = a + S log N + Sj1og(J + 1). The coefficients S
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report total prompt-and-answer token consumption, and values above the serialization bars report token consumption relative
to TabSSD. Parenthetical values below dataset names in ¢ and f indicate the number of variables J + 1. In a and c, asterisks
indicate that GReaT results are based on the eight datasets that fit within the LLM context window.
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occupation predictors = [ occupation predictors = [
"workclass", "education.num", "workclass", "education.num",
"sex", ] )
04 ] occupation = fit sample cat(
. e "occupation", occupation_predictors
05 occupation —.fltisampleicailt( ) )
"occupation", occupation_predictors
) — income_p = label_model.predict_proba(
)9 income predictors
income p = label model.predict proba( 1) )[:, positive coll
10 income_predictors 11+ income p = calibrate_by group(
) iy 124 income p, sex, strength=0.50
11 ) (8, p051t1ve7c01.] 13+ )
12 income = sample(income_p) 14 income = sample(income p)
d Improved parity with slight fidelity change [ Original [ Edited
Occupation association Group outcome gap . Directional sex advantage Distribution fidelity
a
0.420 P <0.001 16.3 P <0.001 ! 1.91 P <0.001 3 P < 0.001 (both)
0.4 15 =3 6 5.445 33
> a o 2 o
2 2 T 1.08 5
£ a B 5
g 02 5 £1 5
(&) = 5 g £
c =
7]
0.0 . - 3 - u . —
" Original Edited Original Edited © Original Edited Marginal  Pairwise

Fig. 4 Distilling variable dependence into executable synthesis strategies with human-in-the-loop fairness
editing. a, Variable-dependence graph distilled by TabSSD for the Adult dataset. Nodes denote variables, directed edges encode
the predictive conditional dependence used by the synthesis program, and node colours indicate the models assigned to variables.
b, An excerpt from the executable synthesis strategy generated by TabSSD. Each record is routed to a tree-induced subspace,
within which variables are synthesized with the models and predictors specified by the distilled dependence graph. ¢, Human-
in-the-loop editing of the executable strategy. Sex is removed from the predictors of Occupation and sex-aware calibration
is used in the generated probability of high income. The edited strategy executes locally and requires no additional LLM
query. d, Fairness and fidelity comparison between the original and edited strategies. Fairness is quantified using Cramér’s V'
for the association between Sex and Occupation, the absolute demographic-parity difference in the generated high-income
outcome, and the directional counterfactual sex gap estimated by a random-forest income auditor. Fidelity is quantified using
marginal-distribution and pairwise-correlation errors. Lower values indicate better parity or higher fidelity. Bars and error bars
show the mean and s.d., respectively. P values are reported for two-sided paired t-tests.

sex gap obtained by changing sex while holding all other attributes fixed (Fig. 4d). Lower values indicate
better parity. The edit reduces the mean sex—occupation association from 0.420 to 0.193, the mean absolute
DPD from 16.3 to 8.1 percentage points, and the mean counterfactual sex gap from 1.91 to 1.08 percentage
points, while largely preserving overall statistical fidelity. This experiment illustrates code-level editability
rather than prescribing a general fairness intervention.

Code diagnosis and domain-knowledge injection. The executable representation further enables targeted
diagnosis and the direct incorporation of domain knowledge. Users can correct empirically identified errors at
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Fig. 5 Dataset-adaptive synthesis strategies guided by variable types and dependence from chained trees. a, For
Car, weak inter-feature dependence coupled with strong label predictability leads to categorical sampling conditioned on both
the label-tree leaf and class label. b, For Blood, strong dependence among continuous variables motivates a leaf-wise Gaussian
copula followed by a bounded inverse transformation. ¢, For DARWIN, sparse dependence combined with near-deterministic
relationships motivates cycle-resolved sequential regression with empirical residual resampling.

specific lines of Python code (Supplementary Table 13), impose logical constraints such as mutually exclusive
medical diagnoses, and insert custom if-else statements to construct targeted stress-test scenarios. By
combining variable dependence learned from the data with explicit expert rules, TabSSD makes the synthesis
process transparent, auditable, and readily editable.

Tailored data synthesis strategies

We examine three datasets with different structures: Car, which contains only categorical features; Blood,
which contains only continuous features; and DARWIN, a high-dimensional, small-sample dataset. The same
prompting and validation pipeline is used to produce synthesis strategies. Fig. 5 shows that TabSSD adapts
its synthesis procedure to each dataset rather than applying a fixed template. Specifically, TabSSD combines
empirical sampling, node-conditional categorical sampling, Gaussian copulas, and cycle-resolved sequential
regression.

For Car, the chained trees show weak feature dependence but high label predictability. TabSSD first
samples a label within a selected leaf according to its empirical distribution and then samples each feature
conditional on the leaf and label. For Blood, the variables exhibit near-deterministic functional dependence.
TabSSD fits a Gaussian copula within each label-tree leaf, transforms the samples back to the original
scale, and constrains them to the corresponding variable ranges. For DARWIN, variable dependence is
sparse. TabSSD uses predictive variable dependence and the associated R? values to establish a sequential
generation order, breaking a dependence cycle at the feature with the smallest R2. Within each label-tree
leaf, ordinary least squares regression with empirical residual resampling generates predictable features.
Leaf-level or global empirical distributions supply root and unmodelled features, and the leaf-level empirical
distribution supplies labels. Supplementary Note I provides the corresponding Python implementations.

Clinically robust augmentation under class imbalance

We examine TabSSD for data augmentation to address imbalanced classification in a clinically motivated
setting. Specifically, we investigate whether TabSSD-generated data can improve minority identification
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Fig. 6 Clinical phenotype preservation and mortality-prediction utility under 2x augmentation in the Thoracic
Surgery case study. a, Mean balanced accuracy on test data. AdaBoost, random forest, and XGBoost are trained on augmented
training data, and the results are averaged across the three classifiers. b, Tumour category distributions among 41 real deaths in
training data and 458 synthetic deaths for each synthesis method. Lower total-variation (TV) distance indicates better recovery
of the real tumour phenotype distribution among the minority. ¢, Cross-fitted one-year mortality-risk distributions for the real
and synthetic data. Five class-weighted logistic-regression models are cross-fitted on the real training data; real records receive
out-of-fold scores, and synthetic records receive scores averaged across the five models. Higher density overlap indicates better
recovery of the minority risk profile.

under class imbalance while preserving the clinical phenotype distribution. We conduct this evaluation using
the Thoracic Surgery dataset [43] that comprises 470 patients, including 70 deaths within one year, and
16 predictors. Death within one year serves as the binary outcome, with deceased patients forming the
minority class. We use 270 samples, including 41 deaths, for training, and the other 200, including 29 deaths,
for testing. Each data synthesis method generates 458 synthetic samples per class, corresponding to twice
the number of the majority in the training data, and data synthesis augments the training data. We show
representative results in Fig. 6.

Fig. 6a shows that TabSSD achieves the highest mean balanced accuracy (0.578) among the evaluated
methods, using AdaBoost, random forest, and XGBoost as classifiers. This result indicates that TabSSD is
effective for data augmentation under class imbalance, improving minority-class detection. We defer detailed
results to Supplementary Table 14. We next assess synthetic data’s preservation of the tumour category
distribution. A tumour category (T1, T2, T3, or T4) represents the local extent of invasion and relates
directly to disease severity. As shown in Fig. 6b, TabSSD most closely reproduces the observed tumour-
category distribution with a total-variation distance of 0.033, achieving the best distribution recovery among
the compared methods. It retains the predominance of T2 while preserving the less frequent T3 and T4.

Finally, we evaluate whether the synthetic data generated by TabSSD and the baseline methods preserve
the predictive characteristics of the minority class. Specifically, we examine how closely the synthetic records
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corresponding to patients who die within one year recover the distribution of one-year mortality risk observed
in real data. We estimate these risks using class-weighted logistic regression trained on the real data. To
obtain out-of-sample predictions for the real records, we perform five-fold cross-fitting; four folds are used
for model training and one fold for prediction. A synthetic record’s prediction is averaged over the five
models. We then compare the risk-score distributions of the real and synthetic minority-class records using
the overlap coefficient, which measures the shared area between their density curves; values closer to 1
indicate better recovery of the real data. Fig. 6¢ shows that TabSSD achieves an overlap coefficient of 0.893,
very close to the best-performing CTGAN (0.894), demonstrating that TabSSD well preserves the data
distribution and delivers strong predictive utility.

Discussion

In this work, we introduce TabSSD, which repositions LLMs from record-level data generators to synthesis
strategy designers. TabSSD separates the local extraction of variable-dependence structure from strategy
design and synthesis execution: chained trees summarize variable dependence in the training data, the
LLM translates the summary into executable synthesis programs, and candidate programs are executed
and validated within the data holder’s environment. Across 12 benchmark datasets, this strategy-level
formulation strikes a favourable balance among statistical fidelity, downstream predictive utility, empirical
privacy risk, and computational efficiency. The case studies of fairness editing and clinical data augmentation
further illustrate how exposing the synthesis logic as executable code enables targeted intervention and
application-specific validation. Unlike extant methods that encode the generator in learned parameters or
read and generate records token by token, TabSSD produces an inspectable computational procedure while
avoiding the transmission of raw data to the LLM during strategy generation.

Our findings have practical and broader implications. TabSSD lowers the expertise and infrastructure
barriers to tabular synthesis by automating dependence extraction, strategy design, local validation, and
candidate selection. Through a standardized interface, it produces executable programs without requiring
users to design deep generative models, fine-tune LLMs, perform extensive hyperparameter tuning, or
undertake local GPU-accelerated neural network training. More broadly, TabSSD suggests that, for structured
data, LLMs may be more valuable as designers of synthesis procedures than as direct record generators. Tree-
derived summaries bridge private, order-invariant tables and general-purpose LLMs, while local statistical
tools handle data access, model fitting, sampling, and evaluation. Representing the synthesis mechanism as
executable code also enables failures to be traced, domain constraints to be incorporated, and strategies
to be revised without retraining. This modular separation of data structure, LLM reasoning, and local
verification provides a basis for human-governed generative Al.

Several limitations delineate the scope of the conclusions, although some reflect broader challenges
common to current LLM-based systems rather than TabSSD alone. TabSSD depends on both the adequacy
of tree-derived summaries and the reliability of the backbone LLM. Chained trees may miss weak or higher-
order variable dependence, and stochastic LLM outputs may yield invalid, inefficient, or low-fidelity synthesis
routines. We mitigate these risks through multi-candidate generation, local execution, and code inspection
(Supplementary Table 13). Future work could further incorporate execution feedback, iterative program repair,
and verifier-guided search over alternative strategies [44-48]. Scalability to ultra-high-dimensional tables
can be limited by LLM context windows. Step-specific retrieval-augmented context construction [49] and
graph-based decomposition [50] could restrict reasoning to the dependence relevant to each synthesis decision.
Moreover, future work can further reduce information leakage by integrating formal privacy mechanisms into
dependence extraction and strategy validation. Human-centred studies are also needed to assess whether
practitioners can reliably understand, audit, and modify generated strategies in realistic settings. Taken
together, our findings suggest that LLMs may be particularly valuable as designers of transparent, locally
executable procedures rather than as unconstrained generators of sensitive structured data.
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Methods

Problem setup

Let Dirain = {(X;,Y:)}Y, denote an original tabular dataset with N samples, where X; = (X;1, ..., Xis)
and Y; denote the feature vector and target value of the i-th sample, respectively. The dataset comprises J+ 1
variables: J feature variables X7, ..., X; and one target variable, or label, Y. Here, X;; denotes the value of
feature variable X; for the i-th sample. The goal of tabular data synthesis is to construct a generator G
that synthesizes table D from the original data Dgyqin, D« G(D¢rain). The synthetic data should preserve
statistical properties of the original dataset, such as marginal distributions and variable dependence, without
compromising privacy. For supervised tasks, we distinguish between the features X; and the target Y;, such
as a continuous target for regression tasks or a categorical target for classification tasks. If the data holder
does not specify a task for the tabular data, Y; is omitted, and the workflow of TabSSD remains unchanged.

TabSSD separates the learning of variable-dependence structure from synthesis execution. The framework
first extracts variable-dependence structure from D;,,i, using chained trees. It then encodes this information
into a compact prompt p, which is provided to an LLM to generate K candidate synthesis strategies {Sk}ff:l.
Each candidate strategy is executed locally to produce a candidate synthetic table Dy, The final strategy is
selected based on fidelity, empirical privacy risk, runtime criteria, and potentially other criteria. This design
changes the role of the LLM from a record-level generator to a synthesis strategy designer. The LLM receives
summaries of the variable-dependence structure rather than raw records, and the original data are used only
within the local environment for chained tree training, strategy execution, and candidate evaluation. The
workflow is summarized in Algorithm 1.

Variable dependence extraction, encoding, and prompt design

Tabular synthesis requires preserving variables’ marginal distributions and dependence to maintain statistical
fidelity and downstream utility. Because it is inherently difficult for an LLM to reason about variable
dependence given tabular data, we use chained trees to capture variable relationships without imposing
parametric assumptions. Concretely, we construct chained trees Tipain = {Treex,, ..., Treex,, Treey } and
train a feature tree Treex, to predict each feature X; from all other features, denoted by X, ;, and the label
tree Treey to predict Y from X:

Treex, : X\; = X}, Treey : X — Y. (1)

For each Treey,, we denote by A(Xj) the set of split variables. The variables in A(Xj) are ordered
according to the minimum tree depth where they are first split, as variables splitting closer to the root
define broader partitions of the data and are more influential in predicting X;. We denote the goodness of
fit of Treex, by ¢(Treex,), which contains the coefficient of determination (R?) and root-mean-square error
(RMSE) for continuous variables and prediction accuracy for categorical variables:

(R?*(Treex,), RMSE(Treey;,)), if X; is continuous,

¢(Treex;) = { (2)

Acc(Treex, ), if X; is categorical.

Directly incorporating all decision rules into the LLM prompt would introduce substantial overhead
and rapidly inflate the prompt length, particularly for high-dimensional datasets. We encode each Treex;’s
decision rule into compact dependence signals, including variable types and ranges, split variables A(Xj),
and goodness-of-fit scores ¢(Treex, ). For Treey, we retain its split rules and the distribution of Y in leaf
nodes. For high-dimensional datasets, even the compact dependence encoding can exceed the LLM’s context-
window limit. To enhance scalability, we apply a greedy set-cover procedure. At each iteration, we select the
Treex, whose variable set A(X;) U {X;} covers the largest number of previously uncovered features, and
repeat this process until all features are covered. We always retain Treey when Y is defined.

Given the variable-dependence structure extracted by the chained trees, we construct a structured
prompt that guides the LLM to reason about variable relationships and generate an executable synthesis
strategy. The prompt p is composed of five components:

P = Dtask D Pmetric D Prequirement @ Pdep D Poutput, (3)
where @ denotes textual concatenation. pgasx is the task definition that informs the LLM that the goal is to

generate an executable tabular data synthesis strategy rather than directly populating data records. pmetric
is the guidance on evaluation metrics. It tells the LLM that the generated synthetic data will be evaluated

11
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according to statistical fidelity, downstream machine-learning utility, and empirical privacy-related risk. This
component does not directly optimize these metrics but encourages the LLM to reason about trade-offs
among the metrics when designing the synthesis strategy. prequirement instructs the LLM to analyse pgep to
infer variable dependence and distributional characteristics. It also encourages dividing heterogeneous data
into more homogeneous subspaces when appropriate, thereby simplifying the modelling of each subspace.
Ddep contains information about the variable-dependence structure extracted by the chained trees. poutput
provides both an output template and a worked in-context example. The template requires each candidate
synthesis strategy to be expressed as an executable Python program with the following standardized interface:

generate_synthesis_data(save_path, n_sample, X_train, y_train).

During local execution, X_train and y_train provide the training data, n_sample specifies the number of
records, and save_path specifies the output location. The function saves n_sample records matching the
training schema. An example prompt is provided in Supplementary Note D.1.

Synthesis strategy validation and selection

Given the prompt p, we query the LLM multiple times to generate a set of candidate synthesis strategies.
Because LLM outputs are stochastic and the extracted dependence information can support multiple valid
synthesis approaches, these candidates often vary in their variable-generation order, subspace partitioning,
and choice of statistical or machine learning models. Consequently, the candidates exhibit disparate statistical
fidelity, empirical utility, privacy risk, and execution time. Generating multiple candidates increases strategy
diversity, allowing subsequent validation and selection to filter out suboptimal or non-executable pipelines.
The impact of the number of LLM queries on overall synthesis performance is detailed in Supplementary
Fig. 2.

Each candidate strategy is executed locally to generate a synthetic table; any strategy that fails to
execute is discarded. We then select a synthesis strategy through a filtering step prioritizing privacy and
computational efficiency, followed by an evaluation step based on statistical fidelity. During filtering, we
discard strategies whose execution time exceeds a predefined limit or whose resulting synthetic table exhibits
a d-presence privacy risk above an acceptable threshold. The remaining strategies constitute the feasible
candidate set Qfens. We then compute the marginal distribution error and pairwise correlation error for the
remaining synthetic tables, ultimately selecting the strategy that minimizes the combined errors:

S* = argmin E(D(S), Dirain), (4)
SGQfeas

where E is the average of the marginal distribution error and pairwise correlation error. Finally, S* or its
synthetic table can be published or used for downstream tasks.

12
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Algorithm 1 LLM-guided strategy-level tabular data synthesis

Notation: D, = {(Xi, i)Y ,, where X; = (Xi1,. .., Xi7). Treey, predicts X; from X, ;, whereas
Treey predicts Y from X.

A(Xj) denotes the split-variable set of Treex,; ¢(Treex;) denotes its goodness-of-fit statistics;
Exec(S; D, n) executes strategy S on D to generate n samples; and E (D, D) denotes the statistical error.
If no target is specified, Y and Treey are omitted.

Require: Training data Dirain; number of synthetic samples ngampie; number of LLM queries K'; §-presence

w

e A

10:
11:
12:
13:
14:
15:

16:
17:
18:
19:
20:
21:

22:
23:
24:
25:
26:
27:

28:

29:

risk threshold 75 = 10; execution-time threshold 7 = 100s
Define the synthesis task, evaluation objectives, and output requirements
Construct Jenain < {Treex,, ..., Treex,, Treey } from Dipain
Extract {A(X), #(Tree Xj)}}jzl and, when present, the split structure and leaf-level target distributions
of Treey
%nc <~ z:hain
if Dirain is high-dimensional then

Teet <=0, U0

while U # {X;,..., X} do

Select the tree covering the most previously uncovered variables:

j* + argmax ‘(A(Xj) U{Xj}) \U’
j:T‘reexj¢f7;el

Tsel = Tset U{Treex . }
U+~ UUAX«)U{X;-}
end while
%nc — ETsel ) {TreeY}
end if
Encode the information retained in Jenc @s pdep
Construct the structured prompt

P < Ptask @ Pmetric 3] Prequirement ) Pdep @ Poutput

initialize the feasible strategy set Qgeas + 0
repeat
for k=1,...,K do
Query the LLM with p to generate a candidate strategy Sk
Attempt ﬁ(S’k) + Exec(Sk; Dirain, Msample); Skip non-executable or invalid candidates
Evaluate the statistical-fidelity error E (D(Sk), Dcrain), d-presence risk Rg (D(Sk), Dtmin), and
execution time T'(Sy)
if Rs(D(Sk), Dirain) < 75 and T(Sy) < 7 then
chas <~ chas U {Sk}
end if
end for
until Qs # 0 Raw records are not transmitted
Select

S* « arg min E(D(S), Dirain)
Seﬂfeas

D* « D(S5")

return S* and D*

Data availability

All datasets analysed in this study are publicly available from the UCI Machine Learning Repository and
OpenML, with links to the original data sources provided in Supplementary Table 1. The processed datasets,
train—test splits, feature-type annotations, and random seeds used to reproduce the experiments are available
at https://anonymous.4open.science/r/llm__designer-126C.
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Code availability

The source code used to reproduce all experiments, including dependence extraction, prompt construction,
validation of LLM-generated synthesis strategies, baseline execution, and metric evaluation, is available at
https://anonymous.4open.science/r/1lm__ designer-126C.
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