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Abstract

The increasing reliance on data-driven research
underscores the need for accessible datasets,
particularly in the medical domain. How-
ever, raw datasets are frequently unavailable
due to privacy constraints and ethical con-
siderations, which complicates reproducibil-
ity, meta-analyses, and large-scale data-driven
research. Text2Tabular addresses this chal-
lenge by reconstructing research datasets from
scientific publications using advanced natu-
ral language processing and statistical mod-
eling. Our key contributions include: (1)
a unified framework combining Large Lan-
guage Model driven information extraction
with copula-based distribution modeling, (2)
novel integration of statistical test results as
distribution constraints through constrained
Markov Chain Monte Carlo refinement, and
(3) an own comprehensive benchmark compris-
ing real scientific publications with correspond-
ing raw datasets for evaluating our literature-
based data reconstruction. Evaluation on both
benchmark datasets and our curated collec-
tion demonstrates strong performance in Train-
on-Synthetic-Test-on-Real (TSTR) evaluations,
alongside accurate replication of descriptive
statistics showing that Text2Tabular preserves
the statistical properties and multivariate rela-
tionships of the original datasets. Text2Tabular
facilitates scientific progress by enabling imme-
diate access to realistic, domain-specific syn-
thetic data, thus, improving data accessibility,
and mitigating data scarcity in fields with lim-
ited real-world data.

1 Introduction

Access to high-quality, well-reported datasets re-
mains a key barrier to reproducibility and large-
scale secondary research, especially in privacy-
sensitive domains. Raw tabular data often remains
inaccessible, while study results are routinely avail-
able only as statistical summaries, group-level mea-
sures, or test outcomes.
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Figure 1: Overview of the Text2Tabular pipeline with
examples: (a) extraction of relevant information from
the publications, including marginal statistics, correla-
tions, and statistical test results (Magai et al., 2019b, p.
3); (b) structuring extracted data; (c) analytical construc-
tion of a joint distribution using copula functions; and
(d) numerical optimization via MCMC sampling.

This disconnect limits meta-analyses, repro-
ducibility assessments, and the application of mod-
ern machine learning methods that require large
amounts of well-structured raw sample-level data.
Text2Tabular closes this gap by automatically re-
constructing synthetic datasets from scientific liter-
ature. Our approach combines Natural Language
Processing (NLP) for structured information ex-
traction with a copula-based statistical engine that
builds synthetic multivariate data, constrained by
the published summary statistics and key test re-
sults. Text2Tabular accelerates scientific progress
by providing immediate access to realistic, domain-
specific synthetic data while maintaining privacy.

Figure 1 illustrates the workflow: marginal statis-
tics, correlations, and statistical test outcomes are
parsed, structured, then synthesized into realistic
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sample-level data. This enables analyses that would
otherwise require inaccessible raw datasets.
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Figure 2: Example of a data summary table for variables
V from a randomized controlled trial (RCT) with counts
n, means V and standard deviations o.

Most empirical studies present data summaries
(e.g., Figure 2) — such as contingency tables with
means and standard deviations — alongside statis-
tical test results embedded within the text. Our
reconstruction method accommodates diverse re-
porting formats, focusing on the more complex
RCTs and observational studies, by incorporating
relationships captured through marginal summaries
and inferential tests. To guide data reconstruction,
we concentrate on extracting the most common test
statistics (see Figure 3 for an overview of widely
used tests in empirical publications (Armitage et al.,
2013; Mishra et al., 2019; Yan et al., 2017)), as
well as group structures and key statistical mea-
sures — including central tendency (mean, median,
mode), dispersion (standard deviation, variance,
IQR), range, and percentiles (quantiles, confidence
intervals). These extracted parameters form the
backbone of the synthesized joint distribution and
facilitate the reconstruction of ordinal, continuous,
categorical and binary data.

Figure 3: Overview of the statistical tests used in empir-
ical scientific publications. (Til, 2022)

This work, as a feasibility study, addresses the
most common scenarios and measure types en-
countered in practice (Feng et al., 2022). While
not all possible statistical tests are currently im-
plemented, the framework is designed for exten-
sibility to broader data types such as time series
and longitudinal cohorts in future iterations. Upon

publication, the framework will be made available
as an open-source Python package, enabling re-
searchers to easily apply it to their own datasets
and publications.

We make our code and data available in a public
GitHub repository. !

2 Related Work

Recent progress in synthetic data generation has
centered on transforming existing tabular datasets
using generative models, including approaches
based on probabilistic modeling (Shi et al., 2025;
Patki et al., 2016; Nakamura-Sakai et al., 2024;
Nguyen et al., 2024) and, more recently, trans-
former architectures (Hollmann et al., 2023, 2025).
While highly effective at producing new samples,
these frameworks assume direct access to struc-
tured input data and are not designed for scenarios
where only unstructured scientific descriptions are
available.

Complementary efforts in scientific information
extraction rely on NLP to identify and extract statis-
tical measures from publications (Polak and Mor-
gan, 2024). However, such methods stop at infor-
mation retrieval and do not attempt to synthesize
new datasets or enable downstream statistical or
machine learning analyses.

Approaches aimed at systematically scraping
data from scientific literature (Pradhan et al., 2019)
face persistent challenges: underlying data are of-
ten inaccessible, inconsistently formatted, or of
insufficient quality for reliable synthesis — as also
observed in our own evaluation.

Techniques for reconstructing data from statisti-
cal summaries (Heathers et al., 2018; Duchscherer
et al., 2019; Javergard et al., 2024) typically re-
construct only marginal distributions and ignore
joint dependencies among variables. To date, no
automated system exists that extracts structured in-
formation from publications and creates synthetic
tabular datasets faithfully preserving both marginal
and joint statistical properties. Crucially, repro-
ducing the exact original data is inherently impos-
sible from summary statistics alone; our aim is
instead to generate domain-specific synthetic data
that matches reported properties for immediate sci-
entific utility.

In summary, three central limitations character-
ize prior work: (1) a strict separation between in-
formation extraction and data synthesis, (2) limited

"https://github.com/jonasgottal/Text2Tabular
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preservation of complex joint structures, and (3)
inadequate use of statistical test results as formal
constraints on data generation. Text2Tabular closes
these gaps, introducing an integrated pipeline that
combines NLP-based extraction with copula mod-
eling and constrained MCMC, ensuring generated
data adhere to both reported marginals and multi-
variate relationships.

3 Foundations

We present the mathematical foundations of
Text2Tabular with a focus on analytical, scalable
methods for data reconstruction. Analytical solu-
tions are prioritized to ensure computational effi-
ciency at scale.

Definition 1 (Copula) A copula is a d-
dimensional cumulative distribution function with
uniform marginals (Haugh, 2016, Nelsen, 2006).

Cugy...,ug) = P(U <uy,...,Uqg < uy),
(D

where U; ~ Uniform|0,1] fori=1,...,d.

Copulas provide a flexible means to model de-
pendencies between variables, allowing the joint
distribution to be constructed from any set of
marginals. This separation of marginals and de-
pendence structure is essential for reconstructing
multivariate data when only summary statistics are
available.

Definition 2 (Gaussian Copula) Given a correla-
tion matrix R and a d-dimensional uniform random
vectorU = (Uy, ..., Uy), the Gaussian copula dis-
tribution function is defined as:

CGass(y,

2
where ® g is the joint cumulative distribution func-
tion (CDF) of a multivariate normal distribution
with mean zero and covariance matrix R, and ®~1
is the inverse of the standard normal CDF (Haugh,
2016).

Theorem 1 (SKklar’s Theorem) Let H be a joint
distribution function with marginals F and G.
There exists a copula C such that

H(u,v) = C(F(u), G(v)), 3)

Sfor all (u,v) in the support of H (Haugh, 2016;
Nelsen, 2000).

Sklar’s theorem formally establishes that any
multivariate distribution can be expressed in terms

,ud) = (I)R (‘I)_1<’U,1), ey <I>_1(ud)) ,

of its marginals and a copula, which uniquely de-
termines the dependencies among variables. This
result is the basis for copula-driven data reconstruc-
tion.

4 Implementation

The Gaussian copula is implemented using the
Cholesky decomposition of the correlation matrix
R, which yields a lower triangular matrix L such
that R = LL". This approach is both computation-
ally efficient and numerically stable for generating
correlated samples.

The procedure for generating samples is as fol-
lows (Haugh, 2016):

1. Perform the Cholesky decomposition of the
correlation matrix R:

R=LL". 4)

2. Generate a vector Z of independent standard
normal random variables:

Z ~N(0,1), 5)
where I is the identity matrix.

3. Transform Z using the Cholesky factor L to
induce the desired correlation structure:

y=L"Z (6)

The resulting vector Y has the desired corre-
lation structure.

4. Apply the standard normal CDF ¢ to each
component of Y':

i=1,....d. (7

The vector U = (Uy, ..., Uy) represents sam-
ples from the Gaussian copula.

5. Finally, transform back to the original distribu-
tions using the inverse of the marginal CDFs
o L

i=1,...,d. (8
The vector X = (Xi,...,X,) represents

samples from the original distributions with
the desired correlation structure.
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Figure 4: From correlation matrix of variables V to
correlated observations O.

This process ensures that the generated synthetic
data both preserves the specified marginal distribu-
tions and adheres to the defined correlation struc-
ture. The transformation from a correlation matrix
to correlated samples is illustrated in Figure 4.

For categorical variables, when means per cat-
egory are known for another variable (e.g., from
ANOVA results), one-hot encoding splits the cat-
egorical variable into binary variables. The cor-
relation between mutually exclusive binary cate-

gories is determined by their probabilities using

PiP;
(1—pi)(1—p;)
p; are the marginal probabilities of categories ¢
and j. This ensures realistic negative correlations
between exclusive categories, as illustrated in Fig-
ure 8. Additionally, positive definiteness of the
correlation matrix is ensured by adding a regular-
ization term to the diagonal elements based on the
minimum eigenvalue. After reconstruction, the bi-
nary indicators are recombined into the original
categorical variable, preserving both the categori-
cal structure and correlation patterns.

This approach distributes the original correla-
tion coefficient 74 5 among the encoded variables
proportionally to their category means, enabling
integration of grouped statistics such as ANOVA
results while maintaining the mutual exclusivity
constraint through the probability-based correla-
tion formula.

TB,B; = — for ¢ # j, where p; and

4.1 Markov Chain Monte Carlo

Definition 3 (Markov Chain Monte Carlo)

Markov Chain Monte Carlo (MCMC) methods
are algorithms that sample from a probability
distribution by constructing a Markov chain whose
equilibrium distribution is the target distribution.
Random sampling explores the state space to
approximate this distribution (Kauermann et al.,

2021).

Definition 4 (Simulated Annealing ) Simulated
annealing is a variant of the Metropolis-Hastings

algorithm that introduces a temperature parameter
T to control the acceptance probability of candi-
date states. Provided a suitable cooling schedule,
as T — 0 and the number of iterations t — oo,
it converges to the global optimum (Kauermann
etal., 2021; Russell and Norvig, 2022).

Our framework integrates hard constraints
within the MCMC procedure to ensure synthetic
data samples satisfy specified category counts and
value ranges. The state space X consists of sum-
mary statistics computed from proposed synthetic
datasets. The proposal distribution ¢(2'|z) gener-
ates candidate states in the neighborhood of the
current state, incorporating directional shifts based
on target statistics such as adjusting means and
counts toward desired values. The objective func-
tion f(z) quantifies the dissimilarity between cur-
rent summary statistics and target values, incor-
porating results from statistical tests, meaning the
same statistical tests that have been extracted from
the publication are also conducted on the synthetic
data during MCMC.

Algorithm 1 Annealing with Metropolis-Hastings

Input: Initial state xg, temperature 7j, iterations
n
Output: Sequence {z;};~

1: x < x0, 1T < T

2: fort =1tondo

3:  Propose candidate ' ~ g(/|x)

4:  Compute objective difference A < f(a') —

f(x)

5. Set acceptance
min(1, e~ 2/T)
Draw u ~ U(0,1)
if u < p then

x <+
end if
10:  Update temperature T' < T/ log(1 + t)
11:  Store x as x4
12: end for

probability p —

R

S Methodology

5.1 Information Extraction

The information extraction pipeline follows a hi-
erarchical strategy that employs chain-of-thought
(CoT) prompting with few-shot examples and ad-
vanced table recognition. The process begins with
TATR (Smock et al., 2022) to convert PDF docu-
ments into markdown, thereby preserving the struc-
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tural integrity of tables essential for accurate ex-
traction.

After markdown conversion, GPT-4.1
(gpt-4.1-2025-04-14) is prompted to iden-
tify core dataset characteristics such as sample size
(n), variable names, and data types (continuous,
ordinal, categorical, binary). This stage establishes
the dataset’s context and foundational schema.
Detailed statistical information is then extracted,
including measures of central tendency (mean,
median, mode), dispersion (standard deviation,
variance, range, interquartile range (IQR)), and
distribution (percentiles, confidence intervals).
For distributions that deviate from normality,
metrics such as skewness and kurtosis are included.
Subsequently, the pipeline extracts variable
relationships by identifying correlation coefficients
and statistical test outcomes (e.g., p-values, effect
sizes). In Appendix C,this is explained in more
detail. All extracted information is encoded as
JSON and validated with pyDantic (Colvin et al.,
2025) to ensure compliance with the further
processing pipeline.

This staged workflow builds systematically from
structural document parsing to detailed statistical
and relational characterization, producing robust
and reliable data for downstream processing. The
use of TATR — with F1 scores of 0.89 - 0.91 in table
recognition versus < 0.34 for traditional OCR (Ad-
hikari and Agarwal, 2024) — enhances extraction
accuracy. The implementation is extended by the
gmft package (Wei, 2025), which optimizes native
PDF parsing for scientific literature.

5.2 Data Reconstruction

The data reconstruction process integrates analyt-
ical and numerical methods to achieve both ef-
ficiency and fidelity when generating synthetic
datasets. Marginal distributions for each variable
are first constructed from the extracted summaries,
accounting for both normal and non-normal dis-
tributions and respecting constraints such as pre-
scribed ranges or counts.

To capture inter-variable dependencies, extracted
correlation coefficients populate a correlation ma-
trix. If explicit coefficients are unavailable, they
are derived from reported statistical tests, providing
a more complete basis for joint distribution model-
ing (Harrer et al., 2021; Rosenberg, 2010; Gosling
etal., 2024).

For datasets including group-specific statistical
tests, categorical variables are temporarily one-

hot encoded to binary variables, allowing accu-
rate modeling of grouped marginals. The Gaussian
copula is used to generate samples matching the de-
sired correlation structure, and the data are mapped
back to their original categorical format after sam-
pling.

The synthetic dataset is further refined using a
constrained MCMC approach, ensuring all require-
ments — such as category frequencies and value
ranges — are met as defined by the extracted statis-
tics and test results. This hybrid workflow lever-
ages the scalability of analytical techniques while
reserving numerical optimization for the final re-
finement stage. Multiple candidate datasets are
generated analytically, and the minimal objective
difference defines the starting point for MCMC.

Overall, by assembling marginals independently
and combining them via copula modeling — reserv-
ing MCMC for ensuring global constraint satisfac-
tion — this methodology supports scalable, high-
fidelity reconstruction of research datasets suitable
for large-scale, data-driven applications.

It is not assumed that papers contain all neces-
sary information; instead, the best possible syn-
thetic dataset from the available evidence is re-
constructed. This is conducted hierarchical: if a
relationship is not described or tested, only inde-
pendent marginals are generated; if a marginal it-
self is missing (e.g., counts for categorical data or
means for continuous data), that variable is omit-
ted. Defensive try blocks ensure that incomplete
extractions do not fail the pipeline, and statistical
tests referencing undefined variables are skipped.

5.3 Evaluation

The evaluation of our information extraction and
reconstruction pipeline is conducted in two stages
to ensure both methodological rigor and practi-
cal relevance. In the first stage, we solely as-
sess reconstruction fidelity using manually cre-
ated, ideal summaries derived from established
benchmark datasets (iris (Fisher, 1936), titanic
(Frank E. and Cason, 2017), tips (Waskom, 2021),
diamonds (Wickham, 2016)). This controlled set-
ting enables precise measurement of the pipeline’s
ability to recover key statistical and structural prop-
erties when the ground truth is fully known.

In the second stage, we validate the pipeline
on real scientific publications, focusing on seven
complex RCTs that provide access to raw tabular
data. Prior to evaluation, variables not discussed in
the publication or solely used for internal aggrega-
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tion (e.g., patient ID, entry date) are removed and
variable names are harmonized to match published
summaries. Variables that are mentioned in either
text, charts or tables, but not further described and
explained still remain in the dataset. This end-to-
end evaluation examines the framework’s robust-
ness and accuracy in realistic, heterogeneous re-
search scenarios, capturing the variability present
in actual scientific reporting.

As an additional baseline, we attempted to uti-
lize LLMs to directly generate tabular data from the
publications. However, this approach consistently
failed to produce valid datasets that comprehen-
sively covered all mentioned variables, adhered to
the specified statistical properties, or matched the
required dataset length, thereby highlighting the
necessity of our structured reconstruction method-

ology.
5.3.1 Statistical Similarity Metrics

To comprehensively assess reconstruction quality,
we quantify it using the following metrics com-
puted between original (X)) and reconstructed (X )
data (Kauermann et al., 2021; Mohri et al., 2018).

For basic descriptive alignment, we evaluate the
proportion of successfully retrieved variables (vari-
able coverage (Var. Cov.)), as well as deviations
(in percent) in central tendency (CT Dev.) such as
mean/median and dispersion measures (Disp. Dev.)
such as standard deviation/IQR for continuous and
ordinal variables, and deviations in category pro-
portions for categorical features (Cat. Dev.). These
metrics directly measure preservation of key sum-
mary statistics and dataset structure.

To assess feature-wise distributional similarity
for numerical data, we employ the Kolmogorov-
Smirnov (KS) statistic (Massey, 1951):

Dy = sug Fx n(x) — FXm(m) 9)
S

where Fx ;, and FX,m are empirical CDFs of the
original and reconstructed datasets with sample
sizes n and m, respectively. The KS Stat. mea-
sures the maximum difference between these CDFs
and is sensitive to differences in distribution shape
and location, making it well-suited for detecting
discrepancies in continuous variables.

For categorical variables, we use the Jensen-
Shannon (JS) divergence based on the Kullback-
Leibler (KL) divergence (Lin, 1991):

Dis(p 1 4) = 5 [Dicel | m) + Dice(a || m).
(10)

where p; = p(X;), ¢; = p(Xi), and m = §(p+q),
with Px and Py denoting the empirical distribu-
tions of a categorical variable in X and X, respec-
tively. The JS Div. ranges from O (identical distri-
butions) to 1 (maximal divergence) and is always
finite and interpretable, making it appropriate for
detecting shifts in class proportions.

To provide a global measure of feature-wise sim-
ilarity, we report the inverse Kullback-Leibler (In-
vKL) divergence, which evaluates information loss
when approximating the original distribution with
the reconstructed one (Kullback and Leibler, 1951).
Following (Nguyen et al., 2024), the InvKL Div.
score is computed as the average over all features:

M 1

1
M ; 1+ Dxr(pi || @)

(11)

InvDgky, =

~

where p; = p(X;) and ¢; = p(X;) are the distribu-
tions of feature ¢ in the original and reconstructed
datasets, respectively. This score ranges from 0
(completely different) to 1 (identical), with higher
values indicating better similarity. The metric is ro-
bust and interpretable, as the KL divergence is finite
when the reference distribution is strictly positive,
summarizing overall similarity across numerical
and categorical features.

Dependency preservation is evaluated by analyz-
ing the deviation of correlation coefficients (Corr.
Dev.) and statistical test results (including p-values
and effect sizes) between the original and recon-
structed datasets (Stat. Dev.). This ensures main-
tenance of both linear and nonlinear relationships,
which is critical for downstream analyses.

Local data fidelity is further examined via differ-
ences in outlier counts (Qutlier Diff.) and mean
record distance (MR Dist.), capturing preservation
of rare/extreme values and overall multivariate sim-
ilarity between original and reconstructed samples.

5.3.2 Machine Learning Utility

To assess the practical usefulness of the recon-
structed data, we evaluate two aspects (Mohri et al.,
2018; Russell and Norvig, 2021).

First, we compute Spearman’s p correlation be-
tween feature importance ranks derived from mod-
els trained separately on the original and recon-
structed data, assessing preservation of variable
importance for prediction (Feat. Corr.).

Second, we conduct a Train-on-Real-Test-on-
Real (TRTR) vs. Train-on-Synthetic-Test-on-Real
(TSTR) comparison and quantify the difference
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in predictive performance, specifically F1-score
(F1 Diff.) and Area Under the Receiver Operat-
ing Characteristic Curve (AUC Diff.). Models are
trained on 70% of each dataset (original and recon-
structed) and evaluated on the held-out 30% of the
original data. The target variable corresponds to
the primary outcome in each publication, typically
reflecting group assignment or interventions.

This comprehensive evaluation, grounded in es-
tablished statistical and machine learning metrics,
ensures rigorous validation of both fidelity and util-
ity of the reconstructed data for scientific and prac-
tical applications.

6 Results

The reconstruction framework demonstrated robust
performance in both controlled experiments and
evaluations using real-world publication data. For
each dataset, 10 candidate reconstructions were
generated, with the best in terms of the objective
function refined via 1, 500 iterations of constrained
MCMC 2. The experiments were performed on a
MacBook Pro with 24 GB RAM and an Apple M4
Pro chip. All software dependencies are specified
via Poetry (Eustace, 2018) in the code appendix
to ensure reproducibility.

The separate information extraction evaluation
in Table 4 and 3 reveals high precision in extracting
variable names and description, but lower perfor-
mance in correctly identifying *Group Sizes’ (F1:
[0.75]). A qualitative analysis suggests this is due
to the dynamic nature of sample sizes reported
in clinical trials (e.g., CONSORT flow diagrams
(Falci and Marques, 2015)). For instance, in study
DOI ...920511, the algorithm struggled to distin-
guish between the initial 835 randomized patients
and the final 823 analyzed in Group 1. Distinguish-
ing the *Analyzed’ count — which is critical for
statistical validation — from the ’Intention-to-Treat’
or ’Enrolled’ counts remains a key challenge for
future improvement.

Figure 5 demonstrates that reconstructions using
only mean and standard deviation diverge notably
from true distributions for non-normal data (dia-
monds dataset), while incorporating IQR achieves
closer alignment, highlighting the importance of
appropriate summary statistics for non-parametric
cases. Figure 6 shows close alignment between

“Hyperparameters were set based on preliminary experi-
ments; as this is a feasibility study, performance optimization
was not pursued.

iris  titanic  tips  diamonds
Statistical Similarity

1 Var. Cov. 5/5 4/4 17 711

J} CT Dev. 0.019 0.032 0.021 0.012
J Disp. Dev.  0.055 0.030 0.074 0.061
J Cat. Dev. 0.000  0.000  0.000 0.000
J KS Stat. 0.130 0.170  0.152 0.126
4 JS Div. 0.000  0.000  0.000 0.000
1T InvKL Div.  0.947 0.804 0.678 0.889
J Corr. Dev.  0.037 0.030 0.104 0.063
J Stat. Dev. 0.134 0.346 0.079 0.237

Machine Learning Utility

1 Feat. Corr.  1.000 0.800  0.982 0.835
J} F1 Diff. 0.071 0.098  0.001 0.023
J AUCDiff. 0.011 0.090 -0.005 0.002

Table 1: Data Reconstruction Evaluation Metrics Across
for a single run on Benchmark Datasets

original and reconstructed petal length distribu-
tions, demonstrating preservation of key statistical
properties. Figure 7 compares correlation matrices
(lower triangle: reconstructed, upper triangle: orig-
inal) for the iris dataset, indicating strong preserva-
tion of joint dependencies.

Quantitative results across synthetic and real pub-
lication data for all metrics are shown in Tables 1
and 2. On benchmark datasets with ideal sum-
maries, variable coverage and statistical fidelity are
nearly perfect, and the performance gap in down-
stream ML utility metrics is minimal.

In contrast, real-world datasets reconstructed
from scientific publications show notably lower
variable coverage and increased deviations in statis-
tical metrics. This reduction is largely due to sev-
eral factors: variables are omitted entirely from the
shared datasets, often for privacy or ethical reasons;
variables are insufficiently described or even never
mentioned or appear only as aggregated deriva-
tives within the publication; and in some cases,
the original raw data provided do not fully cor-
respond to the reported study variables, making
reproduction of published results impossible. This
performance drop reflects the inherently complex
nature of real-world datasets with high dimension-
ality and intricate relationships poorly documented
in publications. Additionally, the absence of statis-
tical tests over complete variable ranges — rather
than restricted subsets — limits automated valida-
tion. Furthermore, publications frequently report
only effect sizes or partial statistical summaries
rather than comprehensive test results, which con-
strains automated reconstruction methods.

Our ablation study (Table 2) demonstrates min-
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imal performance gaps between our baseline
method Text2Tabular and manually annotated Gold
Summaries. The contributions of copula model-
ing and MCMC sampling show reduced impact
compared to synthetic datasets due to limited sta-
tistical test availability and incomplete documen-
tation. Nevertheless, key downstream metrics
— including AUC Difference and Feature Impor-
tance Correlation — remain robust, demonstrating
the framework’s resilience under imperfect and
privacy-constrained conditions.

6.1 Limitations

Evaluation was performed only on datasets where
both publication and raw data were accessible. In
practice, most publications either do not share un-
derlying data, require explicit author contact, or
provide unstructured material lacking clear map-
pings between variables, codebooks, and results.
This impedes direct, large-scale evaluation.

Our approach targets well-structured empirical
studies with sufficient reporting for extraction and
synthesis, ideally following standards (e.g., CON-
SORT, STROBE) (Grech and Eldawlatly, 2024).
The current evaluation is limited to seven RCTs,
covering diverse publishers, layouts, writing styles,
domains, and experimental designs, and we are
extending it to non-RCT studies where suitable
open-access raw data are available.

The comparison of extracted versus hand-
curated JSON summaries confirms high accuracy
for described variables, though occasional splitting
of categorical variables into binary ones or misclas-
sification of ordinal as continuous and vice versa
was observed. Aggregations pose a further chal-
lenge: unless variables are explicitly summarized
and described (e.g., for ANOVA), reconstruction of
some features is impossible. Thus, for poorly de-
scribed publications, Text2Tabular does not recover
all variables automatically.

In terms of risks, while the framework is de-
signed to generate datasets that reflect published
summaries, there remains a risk of inadvertently
generating synthetic data that could be misinter-

l(Solnick et al., 2020; Peyton, 2020)

(Etyang et al., 2019, 2023)

3(Magai et al., 2019b,a)

4(Rosen et al., 2016; Maskew et al., 2020)

3(Xu et al., 2019; Xu, 2018)

®(Jordans et al., 2021b,a)

7(Hull et al., 2024; Reynolds, 2023)

$Incomplete data, not all labels of target variables available
due to data custodianship fragmentation.

preted as real patient data. To mitigate this, we
emphasize that all generated datasets are synthetic
and should not be used for clinical decision-making.
Further, synthetic data generated by Text2Tabular
will inherently preserve biases present in the origi-
nal data and reported statistics.

7 Conclusion

Text2Tabular introduces the first unified NLP-to-
synthesis pipeline capable of automatically recon-
structing tabular datasets directly from natural lan-
guage descriptions in scientific publications. This
approach represents a fundamentally novel con-
tribution, as no existing work has attempted to
bridge textual statistical reporting and automated
data synthesis at this scale. The framework effec-
tively preserves essential distributional properties
and relationships across diverse variable types. Our
results demonstrate the tool’s ability to generate sta-
tistically valid datasets that reproduce outcomes of
common statistical tests, enabling further analyses
and meta-studies when raw data is inaccessible.
By combining analytical reconstruction with con-
strained MCMC refinement, Text2Tabular balances
efficiency and accuracy for large-scale data syn-
thesis. This approach fosters reproducibility and
transparency while facilitating secondary analyses
in privacy-constrained domains. Future work can
leverage Text2Tabular as a foundation to train more
capable models that capture nuanced subtleties in
data descriptions and further bridge the gap be-
tween published evidence and accessible data.
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A Additional Visualizations
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Figure 5: Effects of including IQR for non-normal data
in an ANOVA example. Top: reconstruction by mean-
s/std; middle: original; bottom: reconstruction by medi-
ans/IQR (diamonds dataset, price by cut).
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Figure 6: Close distributions of reconstructed and origi-
nal petal length in the iris dataset.
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Figure 7: Heatmaps comparing correlation structures
of reconstructed (lower triangle) and original (upper
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Figure 8: Splitting a categorical variable into one-hot en-
coded variables and distributing correlation coefficients.
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B Information Extraction

DOI Category F1 Prec  Rec
...920511 Total 0.762 0.762 0.762
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 0.250 0.250 0.250

Variable Names  0.800 0.769 0.833
Variable Content 0.767 0.767 0.767
Statistical Tests 1.000 1.000 1.000

..011771  Total 0.647 0.628 0.667
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 1.000 1.000 1.000

Variable Names  0.875 0.933 0.824
Variable Content 0.673 0.651 0.696
Statistical Tests 0.000 0.000 0.000

..946322 Total 0.980 0.980 0.980
Sample Size 0.000 0.000 0.000
Group Names 1.000 1.000 1.000
Group Sizes 0.000 0.000 0.000

Variable Names  1.000 1.000 1.000
Variable Content 1.000 1.000 1.000
Statistical Tests 1.000 1.000 1.000

..002015 Total 0.920 0.896 0.945
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 1.000 1.000 1.000

Variable Names  0.906 0.857 0.960
Variable Content 0.905 0.877 0.934
Statistical Tests 1.000 1.000 1.000

..002785 Total 0.928 0.981 0.881
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 1.000 1.000 1.000

Variable Names  0.917 1.000 0.846
Variable Content 0.900 0.973 0.837
Statistical Tests 1.000 1.000 1.000

..003621 Total 0.950 0.938 0.962
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 1.000 1.000 1.000

Variable Names  0.936 0.898 0.978
Variable Content 0.939 0.925 0.954
Statistical Tests 1.000 1.000 1.000

..000028 Total 0.959 0.921 1.000
Sample Size 1.000 1.000 1.000
Group Names 1.000 1.000 1.000
Group Sizes 1.000 1.000 1.000

Variable Names  0.957 0.917 1.000
Variable Content 0.933 0.875 1.000
Statistical Tests 1.000 1.000 1.000

Table 3: Detailed extraction performance per DOL.

Category Avg F1 AvgPrec Avg Rec
Total 0.878 0.872 0.885
Sample Size 0.857 0.857 0.857
Group Names 1.000 1.000 1.000
Group Sizes 0.750 0.750 0.750

Variable Names 0.913 0911 0.920
Variable Content  0.874 0.867 0.884
Statistical Tests 0.857 0.857 0.857

Table 4: Average extraction performance across all
DOls.

C Prompts Used for Automated Data
Extraction

This appendix documents the exact prompts and
methodology used in the Text2Tabular extrac-
tion pipeline. The extraction process leverages
chain-of-thought prompting, multi-shot (few-
shot) examples, and temperature=0 for determin-
istic outputs. All extracted data is validated using
pydantic models to ensure structural and semantic
correctness.

The pipeline is hierarchical: each step builds
on the previous, with outputs from one prompt
feeding into the next. Prompts are designed to be
explicit, robust, and reproducible, and include both
instructions and concrete input/output examples.

C.1 Pipeline Overview
* Chain-of-thought prompting: Each prompt
guides the LLM through a sequence of reason-

ing steps, ensuring context is preserved and
extraction is systematic.

Multi-shot (few-shot) learning: Each
prompt includes multiple input/output exam-
ples to anchor the LLLM’s behavior and im-
prove reliability.

Temperature: All LLM calls use
temperature=0.0 to maximize determinism
and reproducibility.

Validation: All outputs are parsed and vali-
dated using pydantic models, enforcing strict
adherence to the expected schema.

C.2 Study Information Extraction

Instruction: You are a specialized statistical ex-
tractor focusing ONLY on identifying core study
parameters. Focus on tables, since they dictate
the structure of the data. The groups are often
defined as column headers in tables or explicitly
mentioned in the text.

Extract the following information from the re-
search paper:
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1. study_size (total number of participants)

2. groups (e.g., “Drug intervention group”,
“Control group”, etc.)

3. group_sizes (number of participants in each
group)

Return the data in the following JSON format:

{

"study_size"”: int,

"groups”: [string, string, ...],
"group_sizes": {"group_name": int,
.3

When extracting group information, always use
the most granular (detailed) subgroup definitions
available from the text or tables. If a value (e.g.,
group_size) is only reported for a broader (meta)
group, assign that value to all its subgroups. En-
sure that the sum of all group_sizes equals the
study_size. If any information is missing, use
None. Aim for short and concise group names. If
the group name is too long, use an abbreviation
or a short form.

Preview of the next step: In the next step, you will
be asked to extract all variables measured in the
study and categorize them by type (continuous, or-
dinal, categorical, binary), using the group names
and sizes you provide here.

Example:

Input:
| Characteristic | Treatment A (n=45)
| Treatment B (n=38) | Control (n

=42) |
| =mmmmmmmmmmm oo | --mmmmmmmmmmoeee |
Age, mean (SD) | 64.2 (12.1)
| 62.8 (11.9) | 63.1 (12.4)
|
| BMI, kg/m*2 | 28.1 +/- 4.2
| 27.9 +/- 3.8 | 28.5 +/-
4.1 |
Output:
{

"study_size": 125,
"groups”: ["Treatment A", "
Treatment B"”, "Control”],
"group_sizes": {
"Treatment A": 45,
"Treatment B": 38,
"Control”: 42

Variable Extraction and Categorization

Instruction: You are a specialized statistical ex-
tractor focusing ONLY on identifying variables.
Based on the previously extracted study parame-
ters, extract all variables and categorize them by
type. Focus on tables to identify variables, as they
often provide the most structured information.

Extract ONLY the variable names categorized as:

6695

e Continuous variables: measured on a
numerical, truly continuous scale (e.g.,
Weight, Height, BMI)

e Ordinal variables: measured on a numeri-
cal, continuous scale but can only take dis-
crete values (e.g., Age, Ratings)

* Binary variables: represent a YES/NO,

TRUE/FALSE, or SUCCESS/FAILURE out-

come (e.g., Mortality, Smoker)

Categorical variables: with distinct, named

categories that are not binary outcomes

(e.g., Race, Education level)

RULE: In continuous and ordinal variables, distri-
butions are described by mean, std, median, IQR,
etc., and there are no counts. Counts only oc-
cur in binary and categorical variables. When in
doubt between categorical and binary, choose bi-
nary. The refinement step will consolidate related
binary variables into categorical ones.

Return the data in the following JSON format:

{

"variables": {

"continuous”: [list of
variable names],

"ordinal”: [list of variable
names],

"binary": [list of variable
names],

"categorical”: [list of
variable names]

b

Example:

Input:
| Variable | Treatment (n=50) |
Control (n=48) |
e | --mmmmmmmmoeee |===m=- |
| Age, years | 65.2 +/- 8.4 | 64.1 +/-
9.2 |
| BMI, kg/m*2 | 28.5 +/- 4.1 | 27.9 +/-
3.8 |
| Gender, Female | 28 (56%) | 25 (52%)
|
| Mortality | 7 (14%) | 12 (25%) |
| Education level | | |
| - High school | 18 (36%) | 20 (42%)
|
| - College | 20 (40%) | 18 (38%) |
| - Graduate | 12 (24%) | 10 (21%) |

Output:
{
"variables"”: {
"continuous”: ["BMI"],
"ordinal”: ["Age"],
"binary”: ["Gender (Female)"”,
"Mortality”],
"categorical”: ["Education
level”]
}




C.4 Statistical Value Extraction

Instruction: You are a specialized statistical ex-
tractor focusing ONLY on extracting statistical
values. For each variable in each group, extract
the appropriate statistical information. Keep the
provided JSON structure intact and fill in the val-
ues based on the information provided in the doc-
ument. Fill in the values for each variable type
for ALL retrieved groups. If you have only values
for the total study, use the SAME values for ALL
groups. If you have no values for a group, leave
it empty.

Continuous/Ordinal: mean, std, median, IQR,
min, max, etc.

Binary: count and denominator per group
Categorical: count per category and group, plus
group total

Return in valid JSON format matching the vari-
able structure, with each variable containing the
appropriate statistical information for each group.
DO NOT use any other structure than the one for
its dedicated variable type.

Example:

Input:

| Variable | Total Study (N=120) |
v T — |
| BMI, kg/m*"2 | 28.2 +/- 4.0 |

| Age, years | 65.5 +/- 8.2 |

Output:
{
"variables”: {
"continuous"”: {
"BMI": {
"Treatment A": {"mean”:
28.2, "std": 4.0},
"Treatment B": {"mean”:
28.2, "std": 4.03,
"Control”: {"mean":
28.2, "std": 4.0}
}
}’
"ordinal”: {
"Age": {
"Treatment A": {"mean”:
65.5, "std": 8.2},
"Treatment B": {"mean”:
65.5, "std": 8.2},
"Control”: {"mean":
65.5, "std": 8.2}
}
}

C.5 Variable Refinement

Instruction: You are a specialized statistical ex-
tractor. STRICTLY follow these rules:

1. If avariable’s data does not fit the template
for its assigned type, MOVE it to the correct
type.

2. Do NOT invent or modify field names.

3. For each variable, use ONLY the structure
shown in the templates below for its type.
Use null for missing or unknown values.
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4. Consolidate mutually exclusive binary vari-
ables into a categorical variable if appro-
priate.

5. Validate your output: every variable must
match the template for its type.

6. Use ONLY the group names previously ex-
tracted.

Return ONLY valid JSON matching these exam-
ples, using the ACTUAL and PRECISE variable
and group names from the study. Do not include
any explanatory text.

Example:

Input:
{
"binary": {
"Married”: {"Group A": {"count
": 25, "denominator”: 50}},
"Single": {"Group A": {"count”:
15, "denominator”: 50}},
"Divorced”: {"Group A": {"
count”: 10, "denominator”: 50}}

3

}
Output:
{
"variables": {
"binary”: {3},
"categorical”: {
"Marital Status": {
"Group A": {
"Married": 25,
"Single": 15,
"Divorced”: 10,
"total”: 50
}
3
3
}
}




C.6 Statistical Test Extraction

Instruction: You are a specialized statistical ex-
tractor focusing ONLY on extracting statistical
tests.

For each statistical test mentioned in the docu-
ment, extract:

1. The variables involved (names must match

previously identified variables)

2. The type of test (must be one of:
pearson, spearman, chi_square, mcne-
mar, wilcoxon_signed_rank, paired_t_test,
wilcoxon_mann_whitney, unpaired_t_test,
[friedman, kruskal_wallis, one_way_anova,
ranova)

. The test statistic value

. The p-value

. Any effect size mentioned

AN L B~ W

. The groups involved (only use groups previ-
ously identified in the study)

If group names in the text do not match exactly,
map them to the closest previously extracted
group name or use “Unknown Group” if no rea-
sonable match exists. Every test must use only
groups from the extracted list.

Return in the following JSON format:

{
"statistical_tests": [
{
"variables"”: ["variablel”,
"variable2"],
"test_type":
valid_test_type_from_list_above",
"test_statistic"”:
float_value,
"p_value"”: float_value,
"effect_size":
optional_float_value,
"group_means":
optional_list_of_means,
"groups”: ["groupl”,

"

n

Example:

Input:

Baseline characteristics were compared
using independent t-tests for
continuous

variables and chi-square tests for
categorical variables. The mean
age was

significantly different between groups
(t=2.45, p=0.016). Gender
distribution

did not differ significantly between
groups (Chi*2 =1.23, p=0.267).

Output:
{
"statistical_tests": [
{
"variables"”: ["Age"],
"test_type": "

unpaired_t_test”,
"test_statistic”: 2.45,
"p_value": 0.016,
"effect_size": null,
"group_means": null,

n

"groups”: ["Treatment”,
Control"]
1,
{

"variables": ["Gender (
Female)"],
"test_type”: "chi_square”,
"test_statistic”: 1.23,
"p_value": 0.267,
"effect_size": null,
"group_means"”: null,
"groups”: ["Treatment”,
Control”]
}

n

]

Note: For brevity, only the main structure of

group2"]
3, each prompt and a single example are shown here.
7 7 Full prompts, including all instructions and addi-
} tional examples, are available in the codebase.
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