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Abstract Large language models (LLMs) can generate data-preprocessing code from data profiles, but their
value relative to predefined expert workflows in clinical tabular classification remains unclear. This study
evaluated whether frozen LLM-generated preprocessing matches a Manual Expert workflow for medication-
adherence classification and identified the components responsible for performance differences. We
analyzed 24,071 de-duplicated medical-claims records from 2022, comparing Manual Expert preprocessing
against frozen code generated by DeepSeek, Claude Sonnet 4.6, GPT-5.4, and iterative CAAFE. Stateful
transformations were fitted exclusively within training folds. Performance was assessed using repeated 5 x
10-fold cross-validation, a locked 20% holdout with 2,000 bootstrap samples, and Nadeau—-Bengio-corrected
equivalence testing. With LightGBM, all pipelines were equivalent in accuracy, Matthews correlation
coefficient (MCC), and area under the receiver operating characteristic curve (AUC). Cross-validation
accuracy ranged from 0.8204 to 0.8229, and every corrected 90% confidence interval remained within the
prespecified £0.01 equivalence margin; the widest interval extended from -0.0041 to 0.0009. Component
ablation attributed the entire improvement over raw data to ratio features (+0.0018). Log1p transformations
produced no improvement (+0.0000), whereas scaling slightly reduced accuracy (-0.0007), consistent with
tree-based models’ insensitivity to monotonic transformations. Excluding the outcome-proximal variable
UNITSTOTAL reduced holdout accuracy from 0.820 to 0.758 and AUC from 0.903 to 0.839, although pipeline
equivalence persisted (accuracy span: 0.0018). However, equivalence depended on the estimator: naive
Logistic Regression exhibited an accuracy span of 0.202, decreasing to 0.161 after uniform scaling and
nested regularization tuning, with differences concentrated in CAAFE. Thus, frozen LLM-generated
preprocessing can match expert-designed preprocessing for internal, tree-based medication-adherence
classification. Gains primarily reflect feature construction rather than distributional adjustment. These
findings also caution against assuming universal preprocessing superiority. Preprocessing strategies should
therefore be evaluated jointly with downstream estimators, while claims-based prediction results require
careful assessment of outcome-proximal information before being interpreted as genuine predictive
performance.

Keywords Large language models; Automated data preprocessing; Medication adherence; Clinical tabular
data; Statistical equivalence

[. Introduction hospitalizations, and treatment costs [4]. The growing

Non-communicable diseases (NCDs), including type 2
diabetes and cardiovascular conditions, account for a
dominant share of global mortality and place a
disproportionate burden on health systems in low- and
middle-income countries [1]. Because these conditions
require  long-term  pharmacological management,
outcomes depend heavily on medication adherence,
defined as the degree to which patients follow prescribed
regimens [2], [3]. In practice, adherence is difficult to
sustain, particularly in resource-constrained settings [4].
Persistent non-adherence accelerates disease
progression and drives avoidable complications,

availability of medical-claims and insurance records has
therefore made machine learning (ML) a practical tool for
identifying adherence-related patterns [5], [6], [7], [8]. ML-
based models have been studied for non-adherence in
type 2 diabetes [9], [10], treatment-default classification
[11], cardiovascular-risk and event prediction [12], [13],
and clinical decision support [14]. In the present cross-
sectional setting, however, classification performance
should be interpreted as internal separability rather than
early or prospective risk prediction. Prior studies on
medication-adherence  prediction  have  primarily
evaluated conventional machine-learning pipelines with
manually specified preprocessing. A systematic review of
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25 studies identified Random Forest, Logistic Regression,
and Support Vector Machine as the most frequently used
algorithms [15]. On the Zimbabwean medical-claims
dataset used here, Kanyongo et al. [16] established a
benchmark in which Random Forest achieved 88.2%
accuracy and an area under the receiver operating
characteristic curve (AUC) of 0.935, and released the
curated dataset [17]. Subsequent studies applied
ensemble and deep-learning models to medication-
adherence prediction [18] and boosting with engineered
clinical features to refill adherence in type 2 diabetes [19].
Our earlier study on the same Zimbabwean data
compared XGBoost, LightGBM, and CatBoost under one
fixed manual feature-engineering workflow [20].
Collectively, these studies demonstrate the predictive
value of machine learning for adherence assessment, but
they specified preprocessing manually and did not
compare it with code generated by large language models
under an otherwise identical evaluation protocol.

Parallel work has explored LLM-assisted tabular
preparation outside medication adherence. CAAFE
(Context-Aware  Automated Feature Engineering)
generates and validates candidate features on general
tabular benchmarks [21], whereas Jellyfish instruction-
tunes local LLMs for imputation, error detection, and
schema matching and reports performance approaching
proprietary LLMs on data-preprocessing tasks [22]. Given
that preprocessing quality affects downstream
performance and remains labor-intensive [23], [24], two
research gaps remain. First, no leakage-controlled, head-
to-head benchmark compares frozen LLM-generated
preprocessing against a predefined expert workflow for
medication-adherence prediction. Second, prior studies
have rarely isolated, through component ablation, which
transformations account for any observed gain. These
gaps leave unresolved whether LLM-generated
preprocessing offers measurable value beyond an expert-
defined workflow when the data, downstream model,
folds, and evaluation protocol are held constant.

The novelty of this study is therefore in the comparison
design rather than in performance. We evaluate CAAFE
here as a measured participant under a common protocol
rather than adopting it as the framework, and it
contributed a single conjunction feature; Jellyfish
addresses data cleaning rather than the statistical
transformation and feature construction studied here. The
frozen setting is the central design choice: each pipeline
was generated once from a textual training-data profile
and executed as written, with no tuning against any result,
which removes the iterative repair path that can quietly
absorb downstream information. The cost of that choice
is acknowledged, in that the results represent a lower
bound on what these models could achieve with
feedback. Finally, prior adherence studies do not report
fold-wise restriction of transformation fitting, and without
that control an equivalence claim cannot be distinguished
from shared leakage.

It is useful to distinguish three related but non-
equivalent notions that LLMs touch in tabular data
preparation. Automated feature engineering searches a
space of candidate features and validates them against a
downstream metric, as in CAAFE. LLM code generation

instead asks a model to emit a complete, executable
preprocessing function from a textual data profile in a
single pass. Statistical preprocessing refers to the
individual transformation and scaling decisionsskewness
correction, ratio construction, standardizationthat such
code contains. This study does not evaluate LLM
reasoning quality or generated-code quality in isolation; it
evaluates the utility of the resulting frozen pipeline as a
whole, under a fixed downstream model, identical folds,
and one evaluation protocol, so that the only variable is
the source of the preprocessing. To address these gaps,
we propose a leakage-controlled benchmarking
framework that compares one predefined Manual Expert
pipeline with frozen preprocessing code produced by
DeepSeek, Claude Sonnet 4.6, GPT-5.4, and iterative
CAAFE. All pipelines are evaluated on identical stratified
folds and the same locked holdout, while each stateful
transformation is fitted only on the corresponding training
partition to prevent leakage [14], [25], [26]. Component
ablation and model-class sensitivity analyses are used to
separate the value of individual transformations from the
influence of the downstream estimator. Accordingly, this
study aims to determine whether frozen LLM-generated
preprocessing can match a predefined Manual Expert
workflow for medication-adherence classification under
identical internal-validation conditions. The scope is
deliberately limited to internal record-level validation; no
claim of patient-level, temporal, external, or clinical
deployment validity is made.

The contributions are fourfold: (1) a controlled
comparison of one expert-defined pipeline, three one-shot
LLM outputs, and iterative CAAFE; (2) leakage-controlled
fold-wise evaluation with a locked holdout; (3) ablation of
preprocessing components; and (4) analysis of model-
class sensitivity, calibration, subgroup behavior,
prediction overlap, and proxy-feature dependence. The
remainder of this paper is organized as follows. Section Il
presents the dataset, five preprocessing pipelines, LLM
generation process, model training, statistical framework,
and reproducibility controls. Section 1ll reports
comparative performance, complexity, ablation, repeated
validation, model-class sensitivity, SHAP, calibration, and
error analysis. Section IV interprets the findings, relates
them to previous research, discusses limitations, and
outlines future work. Section V concludes the study.

Il. Materials and Method

Fig. 1 illustrates the overall research flow; Fig. 2 details
the five-stage LLM preprocessing. All components use
random_state = 42. Algorithm 1 outlines the full
computational procedure, from generating each frozen
pipeline through fold-wise fitting, model training, and the
final corrected equivalence decision.

A. Dataset

The dataset originates from Cimas Medical Aid Society,
Zimbabwe [16], [17], [27]. The source data paper
describes anonymized record-level and claims data
collected from 1 January to 31 December 2022 and states
that recurring transactions were aggregated by
BENEFICIARY before retaining one annual row per
beneficiary. Adherence was defined using the proportion
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Fig. 1. Overall research workflow for comparing the five preprocessing pipelines under leakage-controlled
model evaluation.

of days covered (PDC): at least 9 of 12 expected monthly
medication refills (75%); fewer than 9 were classified as
non-adherent. The supplied analytic workbook contains
24,084 rows and 11 predictors; removing 13 exact
duplicate rows leaves 24,071 observations (40.2%
adherent), split into 19,256 training and 4,815 locked
holdout observations (seed=42). Table 1 describes the
eleven predictors and the binary adherence outcome.
Source  documentation  reports  beneficiary-level
aggregation and de-duplication, but BENEFICIARY and
transaction dates are absent from the released workbook,
so that aggregation cannot be independently verified; the
present study therefore treats each row as an annual
record and validates only at record level, and annual
predictors and the outcome belong to the same
measurement year. We therefore analyze internal cross-

sectional classification rather than prospective prediction.
Adherent records number 9,669 overall (40.2%), 7,735 in
the training pool, and 1,934 in the locked holdout, so class
balance is preserved across partitions. Table 2 reports the
descriptive statistics of all eleven predictors, continuous
and binary.

B. Preprocessing: Manual Expert, Three One-Shot
LLMs, and CAAFE

Table 3 summarizes the five core preprocessing
pipelines: one predefined Manual Expert workflow, three
frozen one-shot LLM functions, and iterative CAAFE.
Manual Expert adds log1p transforms and three domain-
motivated ratio features without scaling. In every cross-
validation fold, stateful transformations are fitted only on
the fold-training partition and then applied to the fold-
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Table 1. Description of predictor variables and the binary medication-adherence outcome.

Variable Type Description
ADHERENCE Binary (target) 1 =ADHERENT (PDC =75%); 0 = NON-ADHERENT
AGE Continuous 16 to 103 years
ANNUALCONTRIBUTION Continuous Annual premium (ZWL)
ANNUALCLAIMAMOUNT Continuous Annual claims (ZWL)
UNITSTOTAL Continuous Units dispensed/year
GENDER_M Binary Male (1) / Female (0)
SCHEMETYPE_MEDIUM Binary Medium insurance
SCHEMETYPE_PREMIUM Binary Premium insurance
DIAGNOSIS_HYPERTENSION Binary Hypertension vs Diabetes
COVERTYPE_STANDARD Binary Standard cover
COMORBIDITY_NO_COMORBIDITY Binary No comorbidity
COMPLICATIONDEVELOPMENT_NO Binary No complication

_COMPLICATION

Table 2. Descriptive statistics of the eleven predictor variables in the complete analysis dataset.

Predictor Type Median/n IQR / % Range Skew Outliers  Miss.
AGE Cont. 56.0 46.0-66.0 16.0-103.0 0.16 13 0
2,718,696.0 211.764.0—
ANNUALCONTRIBUTION Cont. 6,889,900.0 - 1 7%0 7{38 0 -0.67 0 0
6,889,900.0 o
12,337.3— 1.0- 150.3
ANNUALCLAIMAMOUNT Cont.  40,482.0 NG 9,401,312,18 ' 2,447 0
102,120.1 74 5
120.0- 1.0- 102.7
UNITSTOTAL Cont. 345.0 720.0 21,290,640.0 9 1,556 0
GENDER_M Bin. 13,063 54.3% 0-1 0
SCHEMETYPE_MEDIUM Bin. 5,146 21.4% 0-1 0
SCHEMETYPE_PREMIUM Bin. 17,882 74.3% 0-1 0
DIAGNOSIS_HYPERTENSION Bin. 19,266 80.0% 01 0
COVERTYPE_STANDARD Bin. 19,261 80.0% 0-1 0
IC_)I_(\)(MORBIDITY_NO_COMORBID Bin. 17,096 71.0% 01 0
COMPLICATIONDEVELOPMENT Bin. 21,760 90 4% 01 0

_NO_COMPLICATION

Note: Analysis set: 24,071 records after removing 13 exact duplicates. Cont. = continuous; Bin. = binary; IQR =
interquartile range; Outliers = observations beyond 1.5 x IQR; Miss. = missing values. Continuous predictors are
summarized by median, IQR, full range, skewness, and outlier count; binary predictors are summarized by n and

percentage coded 1.

validation partition. The comparison therefore remains
focused on manual-expert versus LLM-generated
preprocessing. Table 4 lists the complete set of
transformations and engineered features produced by
each pipeline, together with the fitted quantities that are
learned on the fold-training partition. Each one-shot LLM
received the same training-data profile and system
prompt through OpenRouter at temperature 0.0. The
requested interface was preprocess(X_train,

X _test=None), requiring fitted state to be learned from
X train and reused for X _test. The returned code was
frozen before evaluation; no live API call occurs in the
canonical experiment. Exact hosted-model regeneration
is not assumed because provider routing and model
snapshots can change. CAAFE was run separately as an
iterative comparator, and its accepted feature code was
likewise frozen.
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Table 3. Characteristics and design differences of the five evaluated preprocessing pipelines.

Source and

Validation

Pipeline model Design origin Generations feedback Key operations Features
Manual Human Predefined expert log1p(CLAIM, UNITS,
Expert domain workflow n/a No CONTRIB) + 3 ratio 17
P knowledge (inherited) features
OpenRouter: ; .
Single  one-shot 2 ratios + Yeo-Johnson +
DeepSeek  deepseek- LLM generation 1 No StandardScaler 13
chat-v3.1
Claude OpenRouter: . ) log/sgqrt + 2 ratios +
Sonnet claude- fll_rll\%leene(r)ant?oﬁhm 1 No interactions + 22
4.6 sonnet-4.6 9 RobustScaler
: OpenRouter: Single  one-shot ratios + many interactions +
GPT-5.4 gpt-5.4 LLM generation 1 No StandardScaler 34
lterative, Iterative LLM . . .
CAAFE DeepSeek feature 5 iterations Yes (CV iterative fgatu_re generation 12
) . feedback) + CV verification
backend engineering

Table 4. Transformations, engineered features, and fold-wise fitted components of the five preprocessing

pipelines.

Pipeline (final features)

Transformations and engineered features (fitted on the training fold only)

log1p(CLAIM),

Manual Expert (17) log1p(CLAIM/(UNITS+1));

log1p(UNITS),
CLAIM_RATIO =

log1p(CONTRIB);  CLAIM_PER_UNIT =

log1p(CLAIM/(CONTRIB+1));

UNITS_PER_AGE = UNITS/(AGE+1). No scaling.

DeepSeek (13)

CONTRIBUTION_CLAIM_RATIO = CONTRIB/(CLAIM+1); UNITS_PER_CLAIM =
UNITS/(CLAIM+1); Yeo-Johnson PowerTransformer on the four continuous predictors
and two ratios; StandardScaler.

Claude Sonnet 4.6 (22)

CLAIM_LOG = loglp(max(CLAIM - min_train, 0)); UNITS_LOG likewise;
CONTRIB_SQRT = sqrf(CONTRIB - min + ¢€); CLAIM_TO_CONTRIBUTION =
CLAIM_LOG/(CONTRIB_SQRT+¢); CLAIM_PER_UNIT =
CLAIM_LOG/(UNITS_LOG+¢); AGExCOMORBIDITY; AGExNO_COMPLICATION;
PREMIUMxAGE; HYPERTENSIONxCOMORBIDITY; UNITS_LOGxCOMORBIDITY;
AGE?2. RobustScaler on 14 continuous and engineered columns.

CONTRIB_reflect_log1p; CLAIM_log1p; UNITS log1p;
CLAIM_TO_CONTRIBUTION_RATIO and its log1p; CLAIM_PER_UNIT and its log1p;

GPT-5.4 (34) CONTRIBUTION_PER_UNIT and its log1p; AGEx{comorbidity, hypertension,
complication}; {premium, medium, standard, comorbidity, hypertension,
complication}xclaimratio_log; AGE2. StandardScaler on all non-binary columns.

The 11 raw predictors plus one verified feature accepted after five cross-validation-

CAAFE (12) checked iterations: SIMPLE_CASE = 1 if (no comorbidity and no complication) else 0. No

scaling.

C. How Large Language Models Perform Data
Preprocessing

Unlike traditional programmatic preprocessing, where a
human writes explicit transformation rules, LLM-
augmented preprocessing can generate and validate
transformation code from dataset context [21].
Understanding this mechanism is essential for
interpreting why LLMs succeed or fail at specific
preprocessing decisions. Fig. 2 illustrates the complete
flow.

Stage 1 Data Profiling: Before the LLM can reason
about preprocessing, the raw dataset must be translated
into a structured textual summary that the LLM can
process [28]. We compute the following descriptive

statistics for every feature: data type (continuous, binary,
categorical), number of unique values, count of missing
values, skewness coefficient, interquartile range (IQR),
outlier count (observations beyond 1.5 x IQR), and
Pearson correlation with the target variable. The profiling
step also reports global dataset properties: total rows,
total features, target distribution (class balance ratio), and
the number of duplicate rows removed. This profile
typically spans 30-50 lines of text. For example, the
profile for ANNUALCLAIMAMOUNT reads:
'dtype=float64, missing=0, unique=18030,
skew=+111.25, outliers=1959, target_corr=+0.1876."
Stage 2 LLM Statistical Diagnosis: The structured
profile is supplied with a fixed system prompt [29], [30].
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The prompt requests statistical diagnosis and a two-input
preprocessing function that fits any stateful transformer
on training data only. The profile contains aggregate

How an LLM Generates a Preprocessing Pipeline

I

Data Profiling

kewness, IQR/outliers, carrelations, types -
compact TEXT profile {aggregate stats only)

I

Statistical Diagnosis

profile + system proi o the LLM
(DeepSeek via Openfouter, temperature 0)

|

Recommendation

heavy skew -> log/pawer; ratio features
scaling; no SMOTE / no imputation

I

Code Generation

emits_def preprocess(X train, X_testsNone)
transformers fit on TRAINING data only

Execution & Validation

exac() in restricted namespace; applied
WITHIN each CV fold; code FROZEN -> Supp.

!

Fig. 2. Five-stage workflow for LLM-generated
preprocessing, from data profiling to leakage-
controlled validation.

feature statistics and target association computed from
the training partition, not the locked holdout.

Stage 3 Recommendation Generation: Based on the
statistical diagnosis, the LLM generates preprocessing
recommendations with natural-language reasoning [21],
[30]. For instance, upon detecting skewness of +111 in
ANNUALCLAIMAMOUNT, a typical response is: 'Apply
log1p transformation to ANNUALCLAIMAMOUNT to
reduce extreme positive skew and normalize the
distribution." The LLM may also recommend feature
engineering: 'Create CLAIM_PER_UNIT =
ANNUALCLAIMAMOUNT / UNITSTOTAL as a domain-
relevant ratio." However, recommendation quality varies
across models and prompts. This stage also exposes a
key limitation: transformations may be suggested from
statistical patterns without evidence that they improve a
tree-based model on this dataset.

Stage 4 Executable Code Generation: Each model
returns a Python function with the required
preprocess(X _train, X test=None) interface. The
archived code is reviewed as experimental material,
frozen, and then applied without performance-driven
editing. Because executing generated code is inherently
risky, the public workflow explicitly treats these archived
files as trusted experiment artifacts rather than accepting
arbitrary model output.

Stage 5 Leakage-Controlled Execution and Validation:
For each CV split, preprocessing is fit on the fold-training
records and applied to fold-validation records before
model fitting. The final holdout is transformed only with
state learned from the complete training partition. Code

that fails the required two-input contract is rejected rather
than repaired or evaluated with independently fitted
transforms.

The five-stage design creates an intentional
asymmetry between the comparators. The Manual Expert
workflow was specified before the present comparison
from published prior work [20] and uses a compact set of
log and ratio features without scaling. Each one-shot LLM
instead receives a textual training-data profile and
produces one frozen pipeline without performance
feedback; CAAFE provides an iterative comparator with
validation feedback. The experiment therefore compares
one predefined human-authored workflow with one
archived generation from each one-shot model. It does
not estimate the full variability of either human or LLM
preprocessing.

The transformations evaluated across the five
pipelines are defined in Egs. (1)—-(10) [31], [32]. In these
equations, x denotes the raw value of a continuous
predictor and z its transformed value; a and b are two
continuous predictors combined into a ratio; b in Eq. (6) is
a binary category indicator; ¢1 and c2 are binary indicators
of the absence of comorbidity and of complications; and ¢
=1 is a stabilizing constant that prevents division by zero,
chosen on the counting scale of the denominator. All fitted
quantities carry the subscript train, denoting that they are
estimated on the training partition of the current fold only
and applied unchanged to the validation partition: the shift
s, the minimum and maximum, the mean y and standard
deviation g, the median and the first and third quartiles,
and the Yeo-Johnson parameter A estimated by
maximum likelihood [33]. This fold-wise restriction is the
leakage control on which the present comparison rests.
MinMaxScaler and QuantileTransformer are imported by
the frozen code [34] but are not applied by any pipeline,
$0 no equation is given for them.

z =In(1 + max(x — Serain, 0)) (1)
z= \/max(x — MiNggin(x) + €, 0) (2)
z=In (1 + max(Xmax train — %, O)) (3)

r= @)

Tiog = In (1+:-2) (5)

Xint = b *TNog (6)

Xsimpre = 1[c1 = 1A ¢y = 1] (7)
G2 320,520
In(x+1),A=0, x>0

Ya(x) = (1_x)2—/1_1 (10)

— A+2,x<0

—In(1-x),A=2,x<0
D. Model Training and Evaluation
Gradient-boosted decision trees are strong baselines for
tabular clinical data and can match or surpass deep
networks [35]; this choice is also supported by our work
on the same dataset [20]. We therefore use LightGBM
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Table 5. Classifier configurations and hyperparameters used in the evaluation.

Estimator configuration Hyperparameters in force Convergence
boosting_type=gbdt, n_estimators=100, learning_rate=0.1,
LightGBM num_leaves=31, max_depth=-1, min_child_samples=20, va

(all analyses) subsample=1.0,

colsample_bytree=1.0,

reg_alpha=0.0,

reg_lambda=0.0, random_state=42 (library defaults, no tuning)

LR as delivered .
scaling

solver=lbfgs, penalty=L2, C=1.0 (default), max_iter=5000, no

converged; max 642
iterations

LR uniformly scaled

StandardScaler + solver=lbfgs, penalty=L2, C=1.0, max_iter=5000

converged; max 88
iterations

LR scaled + nested-
tuned

StandardScaler + LogisticRegressionCV, solver=Ibfgs, penalty=L2,
Cin{0.01, 0.1, 1, 10, 100} by 5-fold inner CV, max_iter=5000

converged; max 75
iterations

[36] as the primary classifier and gradient boosting [37] as
the reference model class. Because gradient-boosted
trees are generally insensitive to feature scaling and many
monotonic transformations, although implementation-
specific binning and numerical effects can produce small
differences, we additionally evaluate Logistic Regression
as a scale-sensitive linear model. Both classifiers were
evaluated on identical 10-fold stratified splits and a locked
holdout with default hyperparameters. Hyperparameter
optimization is a separate performance lever [38], [39],
[40], [41] and was not allowed to confound the
preprocessing comparison. The primary robustness
analysis repeated stratified 10-fold CV five times (50
paired test folds, random_state=2026), with
preprocessing refitted inside every fold. Accuracy, MCC,
and AUC were recorded per fold. Final LightGBM models
were evaluated on the unchanged holdout using
accuracy, weighted precision, weighted recall, weighted
F1, AUC-ROC [42], precision-recall area under the curve
(PR-AUC), Matthews correlation coefficient (MCC), Brier
score, and expected calibration error (ECE) [43]; feature
contributions were summarized with SHapley Additive
exPlanations (SHAP) values [44]. Stratified bootstrap
resampling (2,000 samples) quantified holdout
uncertainty. Descriptive subgroup metrics were calculated
for gender, age, diagnosis, comorbidity, complication,
cover type, and scheme type. Decision curves across
thresholds 0.10—-0.90 were exploratory because the data
support contemporaneous classification rather than
prospective decisions. Table 5 lists every hyperparameter
actually in force for both estimators and reports the
Logistic Regression convergence status.

E. Statistical Framework

The original fixed-fold Friedman test [45] was retained
only as a descriptive continuity analysis to facilitate
comparison with previous studies. The primary statistical
comparisons were conducted using repeated 5 x 10-fold
cross-validation results with the Nadeau-Bengio
corrected standard error [46], which accounts for
dependence introduced by overlapping training sets.
Corrected 90% confidence intervals were used for the two
one-sided tests (TOST) of the paired accuracy differences
[47], [48]. Operational equivalence was declared only
when the entire corrected 90% confidence interval fell
within the pre-specified £0.01 accuracy margin. We chose
the +0.01 margin as an operational comparability

threshold representing a one-percentage-point accuracy
difference considered too small to justify selecting a more
complex preprocessing pipeline. It is approximately 1.4
times the observed mean fold-to-fold standard deviation
(0.0072) and substantially larger than the standard error
of the 10-fold mean (0.0023). The margin is operational
rather than clinically validated. Given the large analytical
sample (N = 24,071), the study provides sufficiently
precise estimates of model performance [49]. Since all
pairwise comparisons were pre-specified against the
Manual Expert reference pipeline and interpreted
primarily through confidence intervals and standardized
effect sizes rather than isolated null-hypothesis
significance tests, no additional Holm multiple-
comparison adjustment [50] was applied.

To complement the repeated cross-validation analysis,
2,000 stratified bootstrap resamples of the independent
holdout test set [51] were performed. These bootstrap
analyses produced 95% confidence intervals for the
performance of each pipeline and paired 90% confidence
intervals for the accuracy differences used in the TOST
equivalence analysis. Subgroup performance differences
were reported descriptively and should not be interpreted
as causal estimates of algorithmic fairness. The
classification metrics are defined in Egs. (11)—-(13) [52],
where TP, TN, FP, and FN denote the counts of true
positives, true negatives, false positives, and false
negatives; TPR and FPR are the true-positive and false-
positive rates; and Precn and Recn are precision and recall
at the n-th decision threshold. The Matthews correlation
coefficient, reported as a prevalence-robust complement
to accuracy, is defined in Eq. (14).

TP+TN

Acc = —————
TP+TN+FP+FN

TP+FN (1)

__ 2-Prec'Rec
1=

Prec+Rec
AUC = [ TPR (FPR™'(w))du (12)

AP =Y, (Rec,—Rec,_,) Prec, (13)
TPXTN—FPXFN
McC = J(TP+FP)(TP+FN)(TN+FP)(TN+FN) (14)

Accuracy was designated as the primary equivalence
endpoint because the pre-specified +0.01 operational
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margin was defined on the accuracy scale. The Matthews
correlation coefficient (MCC), defined in Eq. (14), was
retained as the primary balanced performance metric
because it provides a balanced assessment of
classification performance under class imbalance [53],
[54]. Equivalence analyses for MCC and AUC were
treated as secondary sensitivity analyses using the same
absolute +0.01 exploratory margin; these secondary
margins are operational rather than clinically validated.
The complete procedure, including the generation stage
that produces the frozen pipelines, is set out step by step
in Algorithm 1.

The estimators underlying the equivalence analysis
are defined in Egs. (15)—(20) [46]. Here ar, is the metric
obtained on fold i of repeat r, with R repeats and k folds,
so that N = Rk; d and ¢ are the mean and standard
deviation of the paired per-fold differences; ntest/ntrain is the
ratio of validation- to training-partition sizes within a fold,
equal to 1/9 for 10-fold partitioning; v=N - 1 is the number
of degrees of freedom; & = 0.01 is the operational
equivalence margin; and 8" denotes the ordered bootstrap
replicates of a statistic. Eq. (16) is required because the
folds share training data, which makes the naive variance
of the paired difference too small [46].

a=izR ¢ a, (15)
Rk rop Si=1 Tl
4 1 es ~

Var,y,, = (E + —7:;;) 62 (16)

Clogy, = d t to.95, vV I7arcorr (17)
_d+§ _ d-é§

tL - \/vaTcorr’ tU h VVarcorr (18)

Prosr = max(P(T >t,), P(T < ty)) (19)

Closy, = [6(0.025) B(0.975)] (20)

The Friedman test statistic and the corresponding
Nemenyi critical difference are given in Egs. (21) and (22),
respectively.

2 _ 12N
AF k(k+1)

R? —3N(k + 1)

j=1

(21)

k(k+1)
6N

CD = qq (22)

In Egs. (21) and (22), N denotes the number of cross-
validation folds, k is the number of evaluated pipelines, R;
is the mean rank of pipeline j, and ga is the critical value
of the Studentized range distribution. Two pipelines were
considered significantly different only when the absolute
difference between their mean ranks exceeded the critical
difference. The paired effect size, Brier score, and
Expected Calibration Error (ECE) are defined in Egs.
(23)—(25), respectively.
da

4-2 (23)
Brier = % Zivzl(Pi - y)? (24)
ECE = Zb % | acc(By) — conf(By) | (25)

In Egs. (23)—(25), d and s, denote the mean and standard
deviation of the paired per-fold accuracy differences, so

that Cohen’s paired effect size is d, = Si [55]; p; is the
d
predicted probability for sample i and y; its true label in

the Brier score; and B,, is the b-th equal-width calibration
bin, weighted by % in the ECE. The Nadeau—-Bengio
correction inflates the naive variance of the paired

difference by (% + (1’_’p)), where p = % is the test-fold
fraction. The TOST procedure tests
H,: |mean difference| > 0.01 against

H;: |mean difference| < 0.01; operational equivalence is
declared only when the corrected 90% confidence interval
lies entirely within the +0.01 margin. Predicted
probabilities and the 0.5 decision threshold are identical
across pipelines.

F. Reproducibility

The canonical offline workflow uses Python 3.11, fixed
random_state=42, archived LLM code, one shared data
loader, and one evaluator for all pipelines and classifiers.
Exact dependencies are recorded in requirements.txt.
Two result files back the reported numbers. The file
outputs/final_canonical_results.json holds the single
stratified 10-fold run (random_state = 42) used for Tables
6, 8 9, 1M1 and 12 and for Figs. 3-5. The file
outputs/revision_core_results.json holds the repeated 5 x
10-fold run (seeds 2026+r) used for Tables 7, 10, and 13
and for the corrected equivalence tests. Each table
caption states which protocol it reports. Raw prompts,
responses, model identifiers, and generated code are
retained in Supplementary Material. Hosted-model
outputs remain version-sensitive despite temperature 0.0.
Each one-shot pipeline was generated once, on 28 June
2026, through OpenRouter at temperature 0.0, using the
model identifiers deepseek/deepseek-chat-v3.1,
anthropic/claude-sonnet-4.6, and openai/gpt-5.4. Each
model received an identical system prompt and a textual
training-data profile (per-feature dtype, unique count,
missing count, skewness, IQR, 1.5 x IQR outlier count,
and Pearson target correlation; plus global row and
feature counts, class balance, and duplicates removed)
and was asked for a single function preprocess(X_train,
X_test=None) that fits any stateful transformer on X_train
only. The single temperature-0.0 response was accepted
without performance-driven editing; code had to satisfy
the two-input contract and was otherwise frozen. No
generated pipeline was excluded, as all three passed the
contract. CAAFE was run separately as an iterative
comparator with cross-validation feedback, and its
accepted feature code was likewise frozen. The verbatim
prompts, raw responses, model identifiers, frozen code,
random seeds, and evaluators are available at
https://github.com/ihyaabrar/llm-vs-manual-
preprocessing so that the evaluation is fully auditable;
hosted-model outputs remain version-sensitive despite
temperature 0.0, so exact regeneration is not assumed.
Only temperature was set explicitly; all unspecified
sampling parameters, including top_p, max_tokens, and
any seed, used the OpenRouter and provider defaults,
and provider routing was not pinned. These values were
not recorded at generation time and are therefore not
reported as fixed settings.

To test whether supplying target correlations in the
data profile encouraged supervised feature selection,
each one-shot pipeline was regenerated from a profile
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that omitted the target-correlation line. Accuracy changed
only marginally and non-systematically: DeepSeek
0.8194 to 0.8190 (-0.0005); Claude Sonnet 4.6 0.8186 to
0.8201 (+0.0015); and GPT-5.4 0.8238 to 0.8221 (-
0.0017). All changes lie within +0.002 and inside the
operational margin, with no consistent direction, indicating
that the supplied target-association information did not

materially drive pipeline quality. This check was run as a
self-contained regeneration experiment with its own
resampling seed, so only the paired within-model
difference between the two profile variants is
interpretable; the absolute values are not directly
comparable with the frozen pipelines reported in Table 6.

Algorithm 1. Frozen LLM-Generated Preprocessing, Leakage-Controlled Repeated Cross-Validation, and

Statistical Equivalence Evaluation.

Input: Dataset D, LLM set L, expert workflow pexp, classifier set M, repeats R, folds k, margin & = 0.01

Output: Frozen pipeline set P, corrected equivalence decisions, and holdout estimates

1 Split D into locked holdout H (20%) and training pool T (80%), seed 42

— holdout locked first

2 profile — DataProfile(T) > dtype, unique, missing, skewness, IQR,

outliers, target correlation

— data profile

foreach LLM | in L do

codel — Generate(l, profile, prompt), temperature 0.0

— one-shot generation

Freeze codel > never tuned on results

— freezing

end for

codecaate < CAAFE(T); Freeze codecaafe

— jterative comparator

O |IN[O|O |~ |W

P « {pexp} U {codei : | € L} U {codecaate}

— five pipelines

9 for each pipeline pin P do

10 S(p)«— @

11 forr=1toRdo

— repeated cross-validation

12 Partition T into k stratified folds, seed 2026 + r

— fold separation

13 for each fold f do

14 Te «— T\F; Tva «f

15 0 < FitPreprocessing(p, Tt) — fitted on training fold only
16 Xir < Transform(6, Ty)

17 Xval «— Transform(6, Tva) — leakage control

18 for each classifier min M do

19 h « Fit(m, Xt) — training

20 Append accuracy, MCC and AUC of h on Xva to S(p) — metrics, Eqgs. (11)—(14)
21 end for

22 end for

23 end for

24 8p « FitPreprocessing(p, T)

25 Evaluate p on Transform(6p, H)

— locked holdout

26 Bootstrap H 2,000 times for 95% CI

— uncertainty

27 end for

28 for each p in P\ {prer} do

29 d — per-fold differences S(pref) = S(p), N=R - k

30 SEc <« NadeauBengio(d), p = 1/k

—s variance correction

31 CI90 < mean(d) = (0.95, N-1) - SEc

— corrected interval

32 if CI90 c (-5, +3) then

— equivalence test, Eqs. (15)—(20)

33 Declare p equivalent to pref
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34 end if

35 end for

36 return metrics, equivalence decisions, holdout estimates

lll. Results
A. Core Finding: Comparable Performance Within
the Operational Margin

Table 6 reports tightly clustered internal performance
across the five frozen pipelines. LightGBM CV accuracy
ranges from 0.8191 to 0.8229, and absolute CV-holdout
gaps are at most 0.0038 (Fig. 3(b)). The descriptive
Friedman statistic is chi-squared = 8.35 (df =4, p = 0.080).
Corrected TOST intervals from the repeated-CV analysis
fall within the operational +0.01 margin. Because cross-
validation folds are dependent, the corrected repeated-
CV intervalsnot the uncorrected fixed-fold testprovide the
primary basis for interpretation. The findings support
comparable internal record-level performance under this
design; they do not establish clinical interchangeability.
Table 7 reports the full corrected equivalence statistics for
accuracy, MCC, and AUC. Table 8 reports paired Cohen’s

and the three one-shot LLM pipelines, all pairwise effects
are small or negligible (|dz| < 0.47). CAAFE shows larger
standardized effects against several pipelines (|dz| up to
0.87), largely because its paired fold differences have low
variance; the absolute accuracy differences nevertheless
remain inside the +0.01 operational margin, including, in
this descriptive single 10-fold run, the Manual-versus-
CAAFE comparison (mean difference +0.0028, TOST p <
0.001). The corresponding repeated 5 x 10-fold estimate
in Table 7 is smaller (+0.0010) because it averages 50
folds across different seeds; both lie well within the £0.01
margin, and the repeated-CV value is used for inference.
Effect sizes characterize the standardized paired
differences and are not used alone to claim practical
superiority. Fig. 3(a) visualizes the CV accuracy
distributions across all five pipelines, confirming the tight
clustering of performance.

Table 6. Cross-validation and locked-holdout performance of the five preprocessing pipelines using LightGBM.

- . CV  Holdout CV-Holdout  MCC/PR-
Pipeline Provider Acc Acc AUC Feats Gap AUC
Manual Expert Human-defined 0.8218 0.8199 0.9036 17 +0.0019 0.643 / 0.827
baseline
DeepSeek Frozen OpenRouter ;5559 08193 09060 13 +0.0036  0.641/0.833
response ' ’ ’ ’ : ’
Claude Sonnet4.6 [ 1oZen OpenRouter 4 5555 (8183 09022 22 +0.0038  0.638/0.825
response
GPT-5.4 Frozen OpenRouter 5 go09  0g218 09062 34 .0.0009  0.646/0.833
response
CAAFE Frozen iterative 08191 08195 09027 12 .0.0005  0.642/0.826

DeepSeek code

d: effect sizes for the five pipelines. Among Manual Expert

B. Pipeline Complexity and Performance

Table 7. Nadeau—-Bengio-corrected paired equivalence analysis relative to the Manual Expert pipeline.

Metric Manual minus Mean difference  Corrected SE Corrected 90% ClI TOSTp  Within £0.01
Accuracy  DeepSeek -0.0016 0.0015 [-0.0041, +0.0009] <0.001 Yes
Accuracy  Claude 4.6 -0.0001 0.0016 [-0.0027, +0.0025] <0.001 Yes
Accuracy GPT-5.4 -0.0002 0.0015 [-0.0026, +0.0023] <0.001 Yes
Accuracy CAAFE +0.0010 0.0017 [-0.0019, +0.0038] <0.001 Yes
MCC DeepSeek -0.0031 0.0030 [-0.0083, +0.0020] 0.015 Yes
MCC Claude 4.6 +0.0008 0.0033 [-0.0047, +0.0064] 0.004 Yes
MCC GPT-5.4 +0.0004 0.0031 [-0.0048, +0.0055] 0.002 Yes
MCC CAAFE +0.0018 0.0035 [-0.0041, +0.0077] 0.012 Yes
AUC DeepSeek -0.0004 0.0006 [-0.0014, +0.0006] <0.001 Yes
AUC Claude 4.6 +0.0010 0.0008 [-0.0004, +0.0023] <0.001 Yes
AUC GPT-54 +0.0002 0.0008 [-0.0011, +0.0014] <0.001 Yes
AUC CAAFE +0.0009 0.0007 [-0.0003, +0.0021] <0.001 Yes
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Despite comparable LightGBM accuracy, the pipelines
differ markedly in complexity. Manual Expert uses 17
features (log1p plus three domain ratios, without scaling).
DeepSeek is the most parsimonious one-shot pipeline (13
features), and CAAFE is leaner still (12 features), adding
one verified interaction after five iterations. Claude Sonnet
4.6 is moderate (22 features), whereas GPT-5.4 is the
most complex (34 features, including ratios, interactions,
and standardization). The evaluated LLM pipelines
therefore do not uniformly increase feature count. For
LightGBM, additional scaling and interaction terms
produced little change in accuracy, while the predefined
manual workflow retained a compact set of
transformations.

C. Ablation Study

The ablation study (Table 9) clarifies why the pipelines
cluster under LightGBM. Ratio features alone match the
Full Manual Expert accuracy (0.8218), whereas log1p
transforms show no improvement over the raw baseline
(0.8201). This indicates that ratio engineering, rather than

Repeated 5 x 10-fold validation produced closely
clustered performance across all five pipelines (Table 10),
with mean accuracy ranging from 0.8204 to 0.8229. Every
Nadeau—-Bengio-corrected 90% interval for Manual-
minus-candidate accuracy lay inside the pre-specified
1+0.01 operational margin. Stratified holdout bootstrap
intervals also overlapped, supporting internal
comparability without asserting clinical equivalence.
Subgroup diagnostics identified lower accuracy for
records with complications (maximum within-pipeline
complication-status gap 0.122) and age-related variation.
Because the task is contemporaneous, cross-sectional
classification without a defined clinical intervention or an
agreed benefit-harm ratio, the decision-curve analysis is
not reported in the main results [56]; it is retained in the
Supplementary Material as clearly labeled exploratory
content, together with the full subgroup tables, and no
claim of clinical utility is drawn from it. Across pipelines,
the widest Nadeau—Bengio-corrected 90% interval for
Manual-minus-candidate accuracy ranged from -0.0041
to 0.0009, and Manual Expert holdout accuracy had a

Table 9. Ablation analysis of preprocessing-component contributions using 10-fold cross-validation with

LightGBM.
Ablation Variant Features Accuracy SD Delta from Raw
Raw (No Preprocessing) 11 0.8201 0.0071 +0.0000
log1p Only 15 0.8201 0.0071 +0.0000
Ratio Features Only 14 0.8218 0.0075 +0.0018
RobustScaler Only 11 0.8193 0.0077 -0.0007
log1p + Ratio 18 0.8218 0.0075 +0.0018
log1p + Scale 15 0.8193 0.0077 -0.0007
Full Manual Expert 17 0.8218 0.0075 +0.0018
Table 8. Pairwise Cohen’s d; effect-size matrix for 10-fold cross-validation accuracy.
Manual Expert DeepSeek Claude 4.6 GPT-54 CAAFE
Manual Expert - -0.41 (small) -0.09 (negl.) +0.26 (small) +0.71 (medium)
DeepSeek +0.41 (small) - +0.37 (small) +0.47 (small) +0.84 (large)
Claude 4.6 +0.09 (negl.) -0.37 (small) - +0.29 (small) +0.87 (large)
GPT-5.4 -0.26 (small) -0.47 (small) -0.29 (small) - +0.40 (small)
CAAFE -0.71 (medium) -0.84 (large) -0.87 (large) -0.40 (small) -

the total number of transformations, accounts for the small
observed gain. The evaluated LLM pipelines produced
ratio or interaction features that preserved the dominant
signal, while additional scaling and power transformations
were largely inert for LightGBM. These findings are
specific to this dataset and model class. The small
feature-count difference between log1p + Ratio (18) and
Full Manual Expert (17) arises because the ablation
harness applies log1p to all four continuous predictors,
including AGE, whereas the frozen Manual Expert artifact
logs only CLAIM, UNITS, and CONTRIB. Thus, the
ablation-only log1p(AGE) feature is not retained in the
production artifact.

D. Repeated Validation, Bootstrap Uncertainty, and
Subgroup Diagnostics

95% bootstrap interval of 0.8098 to 0.8301. Maximum
within-pipeline subgroup accuracy gaps ranged from
0.090 (CAAFE) to 0.122 (DeepSeek). The ordering runs
opposite to overall accuracy: the most accurate pipeline
showed the widest subgroup gap and the least accurate
the narrowest. With the five pipelines spanning only
0.0032 in accuracy, this pattern is descriptive rather than
evidence of a systematic accuracy—disparity trade-off.
However, it does show that equivalence in aggregate
accuracy does not imply equivalence across subgroups.
E. Model-Class Sensitivity

To test whether the equivalence depends on the
downstream estimator, all five pipelines were re-
evaluated with Logistic Regression in three
configurations: as  delivered, with a uniform
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(a) (b)

Ten-Fold CV Accuracy Distribution by Pipeline Cross-Validation vs Holdout Accuracy

Manual
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Fig. 3. Internal classification performance across the five preprocessing pipelines: (a) distribution of 10-fold
cross-validation accuracy and (b) comparison of cross-validation and locked-holdout accuracy.

StandardScaler, and with uniform scaling plus nested- 174 for non-adherent records). Because adherence is
cross-validated L2 regularization (Ibfgs solver, max_iter =  defined from monthly refill counts and dispensed units rise
5000, C selected by 5-fold inner cross-validation over  mechanically with refills, UNITSTOTAL may act as an
{0.01, 0.1, 1, 10, 100}), as reported in Table 11. All outcome-proximal feature. This concentration of
configurations in Table 11 use the same single stratified  discriminative signal also helps explain the similar
10-fold protocol (shuffle, random_state = 42) as the LightGBM results, because preprocessing the remaining
LightGBM results in Table 6, so the estimators are features has limited room to alter predictions. Removing
compared under an identical resampling design. Under  UNITSTOTAL lowers holdout accuracy from 0.820 to
LightGBM, the accuracy span across pipelines was only  0.758 (AUC 0.903 to 0.839), and removing both
0.0038. As delivered, the Logistic-Regression span  UNITSTOTAL and ANNUALCLAIMAMOUNT lowers
reached 0.202, because pipelines that omit scaling  accuracy to 0.635, near the 0.598 maijority-class baseline.
(Manual Expert 0.772; CAAFE 0.586) were penalized. @ The reported accuracy therefore reflects internal
After uniform scaling and tuning, the span narrowed to  separability and should not be interpreted as prospective
0.161 and was concentrated almost entirely in CAAFE predictability. Across shared features, pairwise

Table 10. Repeated 5 x 10-fold cross-validation performance, holdout bootstrap uncertainty, and maximum
subgroup accuracy gaps.

Pipeline Repeated Repeated Repeated Holdout Acc Corrected 90% sullc\)/l ?’éu

P CVAcc CVMCC CVAUC (95% Cl) Cl vs Manual \ group

cc gap
Manual Expert 0.8213 0.642 0.903 0.8098 to 0.8301 Reference 0.117
DeepSeek 0.8229 0.645 0.903 0.8085 t0 0.8297  -0.0041 to 0.0009 0.122
Claude Sonnet 4.6 0.8214 0.641 0.902 0.8073 10 0.8285 -0.0027 to 0.0025 0.108
GPT-5.4 0.8215 0.641 0.902 0.8108 t0 0.8322  -0.0026 to 0.0023 0.107
CAAFE 0.8204 0.640 0.902 0.8083 t0 0.8299  -0.0019 to 0.0038 0.090

(0.628), whose iteratively generated features remain  importance-rank correlations range from p = 0.70 to 0.99;
poorly suited to a linear model; the manual and three one-  agreement is high, but the explanations are not identical
shot-LLM pipelines fell within about 0.005 of one another  across pipelines. Calibration remains strong on the locked
(0.784-0.789). The model-class sensitivity is therefore  holdout (Fig. 4(b), Table 12; ECE < 0.02). Error overlap
real, but the divergence seen under a naively configured
linear model reflects the absence of scaling in some
pipelines and CAAFE specifically, rather than feature
engineering in general. Preprocessing should be chosen

Table 11. Model-class sensitivity of 10-fold cross-
validation accuracy under LightGBM and Logistic
Regression configurations.

jointly with the downstream estimator, favoring the Pipeli LGBM LR LR LR

simplest auditable pipeline that preserves performance. petine G raw scal. tuned
F. SHAP, Calibration, and Error Analysis Manual Expert 0.8218 0.7716  0.7892 0.7886
SHAP analysis identifies UNITSTOTAL as the leading DeepSeek 08229 07841 0.7841 0.7843

feature in every frozen pipeline. This dominance warrants
scrutiny: although UNITSTOTAL has almost no linear Claude 4.6 0.8220 0.7864 0.7881 0.7879

correlation with the label (pomt-blserlal r= -0002), it alone GPT-5.4 0.8209 0.7885 0.7886 0.7884
attains 0.873 holdout AUC through a nonlinear threshold
(median 692 dispensed units for adherent records versus CAAFE 0.8191 0.5863  0.6278 0.6281
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(Fig. 4(a)) describes cases consistently missed by the
evaluated pipelines without asserting that those records
are intrinsically unclassifiable. Table 13 shows that the
pipelines remain equivalent when UNITSTOTAL and all
UNITSTOTAL-derived features are removed. Fig. 5
displays the Manual Expert importance profile, while the
canonical JSON contains all five profiles. This
dependence should be read as a methodological concern
rather than a secondary sensitivity result. UNITSTOTAL
counts dispensed medication units, while the PDC label is
computed from medication refills, so the feature and label
are derived from the same underlying events. A model
that relies on UNITSTOTAL cannot be used to identify at-
risk patients early, because by the time the value is

alone. Given a Brier spread of only 0.0021 across
pipelines, these orderings should not be over-interpreted;
the substantive finding is that all five pipelines are
adequately calibrated internally.

IV. Discussion
A. Interpretation of Comparable Performance

The expanded validation supports the central finding.
Across 50 paired repeated-CV test folds, mean accuracy
differed by less than 0.004 across pipelines, and
corrected 90% intervals remained inside the operational
+0.01 margin. Holdout bootstrap confidence intervals
overlapped substantially. The evidence therefore
supports comparable internal performance among these

Table 12. Calibration performance of the five preprocessing pipelines on the locked holdout set.

Pipeline Brier Score (lower is better) ECE (lower is better)
Manual Expert 0.1210 0.0094
DeepSeek 0.1196 0.0153
Claude Sonnet 4.6 0.1214 0.0099
GPT-54 0.1195 0.0136
CAAFE 0.1216 0.0119

(a)

Error Overlap across 5 Pipelines (666 hard cases misclassified by all)

4000 3740
(77.7%)

3500

3000

Holdout samples
)
o o
(= o o
S © o

666
(13.8%)

118 93 87 111
(2.5%) (1.9%) (1.8%) (2.3%)

0 1 2 3 4 5
Number of pipelines that misclassify the sample

(b)

Calibration Residuals on the Holdout Set

-0.02

0.04

Observed - predicted

0.06

0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted probability

-#- Manual DeepSeek —— Claude 4.6 GPT-54 -7 CAAFE

Fig. 4. Locked-holdout diagnostic analysis: (a) overlap of misclassification errors across the five preprocessing
pipelines and (b) calibration residuals expressed as observed minus predicted probabilities.

observed, the adherence behavior has already occurred;
it is confined to retrospective labeling rather than
prospective intervention targeting. The magnitude is
substantial: removing UNITSTOTAL lowers holdout
accuracy from 0.820 to 0.758 and AUC from 0.903 to
0.839, and removing ANNUALCLAIMAMOUNT as well
drives accuracy to 0.635, close to the 0.598 majority-class
baseline. Reported high accuracy on this dataset should
therefore be examined for outcome-proximal information
before it is read as predictive skill.

Brier scores were tightly clustered (0.1195-0.1216),
and ECE remained below 0.02 for every pipeline (0.0094—
0.0153). The two calibration measures did not rank the
pipelines in the same order: GPT-5.4 and DeepSeek
attained the lowest Brier scores but the highest ECE
values, whereas the Manual Expert and Claude Sonnet
4.6 pipelines showed the opposite pattern. This is
expected because the Brier score combines calibration
with discrimination, whereas ECE isolates calibration

five frozen workflows under LightGBM. It does not show
that LLMs replace human experts: Manual Expert is one
predefined workflow, and each one-shot LLM is
represented by one archived generation. Comparable
performance under this deliberately asymmetric design
supports LLM-generated code as a potentially useful and
auditable preprocessing aid, subject to human review,
rather than as a substitute for domain expertise. The
narrow LightGBM accuracy spread should be interpreted
as robustness of the dominant predictive signal to several
alternative preprocessing implementations, not as
evidence that the pipelines are functionally identical. The
pipelines differ in feature counts, transformations, and
explanatory profiles, and their ordering changes under
Logistic Regression. Therefore, preprocessing should be
selected jointly with the downstream estimator, with
preference for the simplest auditable pipeline that
preserves performance rather than the pipeline that
creates the most features.
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B. Leakage-Controlled Evaluation

while researchers inspect, test, and approve them before

Table 13. Sensitivity analysis after removing UNITSTOTAL and its derived features.

Corrected 90% ClI

Holdout

Pipeline CVAcc CVMCC CVAUC (Acc) TOST p Ace Holdout 95% ClI
Manual Expert 0.7558  0.5092 0.8387 reference reference  0.7616 [0.7491, 0.7734]
DeepSeek 0.7556  0.5089  0.8386  [-0.0023, +0.0029] <0.001v  0.7576 [0.7452, 0.7697]
Claude 4.6 0.7556  0.5115 0.8378  [-0.0032, +0.0037] <0.001 v  0.7599 [0.7479, 0.7718]
GPT-54 0.7551  0.5064 0.8379  [-0.0022, +0.0037] <0.001 v 0.7533 [0.7416, 0.7651]
CAAFE 0.7569  0.5117 0.8391 [-0.0037, +0.0015] <0.001 v 0.7585 [0.7462, 0.7703]

A critical methodological insight emerged during this
study. Proper train-test separation in preprocessing is
essential: scalers and transformers must be fit on training
data only and applied to test data via transform(). When
this principle is violatedas can easily happen with auto-
generated code that calls fit_transform() independently on
each splitpipelines that include scaling (all three LLMs)
exhibit apparent overfitting that is entirely an artifact of
data leakage, not a genuine model failure. This
underscores that the methodology of evaluation is as
important as the preprocessing itself [25]. This is
consistent with evidence that data partitioning materially
affects measured performance stability [26]. Freezing
generated code before evaluation is central to the validity
and auditability of this comparison. Regenerating prompts
or revising code after observing validation results would
turn  preprocessing into an implicit, unreported
hyperparameter search. Archiving prompts, responses,
model identifiers, code, random seeds, and evaluators
allows reviewers to distinguish an LLM suggestion from a

evaluation.
C. Model Sensitivity and Clinical Interpretation

The ablation resultthat ratio features account for the
observed LightGBM gain while log1p contributes
noneclarifies why the pipelines cluster. The evaluated
LLMs proposed transformations justified by the supplied
statistical profile, including transformations that the tree
model did not require. This observation should not be
generalized as a universal LLM tendency from one
archived generation per model. Importantly, scaling that
was largely inert for LightGBM became beneficial under
Logistic Regression, demonstrating that preprocessing
complexity is model-relative and must be evaluated jointly
with the downstream estimator.

The ablation pattern admits a mechanistic explanation.
LightGBM partitions data with threshold tests of the form
x £ t, and for any strictly increasing transformation g, the
test g(x) < g(t) induces exactly the same partition. Both
log1p and RobustScaler are strictly increasing, so neither
can create a split that the untransformed feature does not

SHAP Feature Importance (Manual Expert, LightGBM)

ANNUALCLAIMAMOUNT - 0.381
CLAIM_PER_UNIT - 0.203
COMPLICATIONDEVELOPMENT_NO_COMPLICATION . 0.162
AGE . 0.145
UNITS_PER_AGE . 0.143

CLAIM_RATIO l 0.104

mean |SHAP value|

DIAGNOSIS_HYPERTENSION I 0.092
GENDER_M Io.oso
ANNUALCONTRIBUTION IO‘Oa?
COMORBIDITY_NO_COMORBIDITY |0‘021

COVERTYPE_STANDARD | 0.009

0.0 0.5

1.0 1.5 2.0

Fig. 5. SHAP-based global feature importance for the Manual Expert preprocessing pipeline with the LightGBM

classifier.

transformation that has passed fold-safe empirical
validation. In practice, the appropriate role is human-in-
the-loop: the LLM proposes executable transformations,

already admit; the observed delta of +0.0000 for log1p is
therefore the predicted result rather than a weak one. The
small negative shift for scaling (-0.0007) arises because
log1p was appended as additional columns (11 to 15
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Table 14. Subgroup classification performance with bootstrap 95% confidence intervals.

Subgroup n Accuracy Bootstrap 95% CI Sensitivity Specificity MCC
age <45 1,143 0.850 [0.828, 0.871] 0.715 0.888 0.583
age 46-60 1,825 0.827 [0.810, 0.843] 0.870 0.800 0.654
age >60 1,847 0.795 [0.776, 0.813] 0.903 0.671 0.595
Male 2,557 0.826 [0.811, 0.840] 0.878 0.793 0.655
Female 2,258 0.814 [0.798, 0.829] 0.855 0.784 0.630
Hypertension 3,886 0.827 [0.815, 0.838] 0.870 0.799 0.655
Diabetes 929 0.791 [0.766, 0.816] 0.855 0.739 0.592
Comorbidity 1,380 0.792 [0.770, 0.814] 0.890 0.696 0.597
No comorbidity 3,435 0.831 [0.818, 0.843] 0.854 0.818 0.654
Complication 454 0.714 [0.672, 0.756] 0.784 0.656 0.440
No complication 4,361 0.831 [0.820, 0.842] 0.876 0.801 0.664
Standard 3,839 0.826 [0.814, 0.838] 0.872 0.796 0.656
Non-standard 976 0.795 [0.772, 0.819] 0.846 0.762 0.595
Premium 3,547 0.815 [0.803, 0.828] 0.869 0.775 0.637
Non-premium 1,268 0.833 [0.812, 0.853] 0.858 0.821 0.649

features) whereas RobustScaler replaced values in place,
and LightGBM discretizes each feature into a histogram
whose bin edges depend on the spacing of observed
values rather than on rank alone; a monotone
transformation preserves order but alters spacing, so a
few values may cross bin boundaries. That shift is a
discretization artifact roughly one-tenth the size of the
between-fold standard deviation. Ratio features differ in
kind: a/b is not a monotone function of any single feature,
and the boundary a/b < c is equivalent to a < cb, an
oblique boundary that an axis-parallel tree can only
approximate with a staircase of splits, each consuming
depth and leaving fewer observations per leaf. Supplying
the ratio directly grants that boundary in a single split. For
tree-based models, the value of LLM-generated
preprocessing therefore lies in feature construction rather
than skewness correction or scaling.

Subgroup analysis adds an important qualification.
Performance was relatively similar by gender, but varied
more by age, diagnosis, comorbidity, and especially
complication status. For Manual Expert, holdout accuracy
was 0.714 among records with complications versus
0.831 without complications; similar gaps occurred across
LLM pipelines. These differences may reflect clinical
heterogeneity, sample size, or data-generation effects
and should not be interpreted as causal bias. They show
that aggregate equivalence can coexist with weaker
performance in clinically relevant subgroups. Table 14
reports accuracy, bootstrap intervals, sensitivity,
specificity, and MCC for every subgroup examined.
Calibration and error-overlap analyses provide further
context. ECE below 0.02 on the locked holdout indicates
good internal probability calibration, but does not ensure
calibration under temporal or geographic shift. The 666
records misclassified by all five pipelines suggest that a
subset of errors reflects common limitations in the
available variables rather than a particular preprocessing

strategy. Addressing these cases may require richer
longitudinal or clinical information instead of additional
transformations of the same cross-sectional attributes.

D. Comparison with Previous Research

Compared with published work on the same dataset, the
Manual Expert accuracy in the present study (0.822 with
default LightGBM hyperparameters) is close to the
approximately 0.816 reported in our earlier boosting
comparison [20] and below the 0.882 reported by
Kanyongo et al. using Random Forest with a curated
eight-feature subset [16]. These values are not directly
interchangeable because the studies differ in feature
subsets, algorithms, preprocessing implementations, and
validation designs. The present study addresses a distinct
question: it holds the evaluation procedure constant
across preprocessing sources to isolate the contribution
and model sensitivity of preprocessing rather than to
identify the highest-performing classifier.

Relative to CAAFE [21] and Jellyfish [22], which
demonstrate LLM-assisted feature engineering or data
preparation on broader tabular tasks, this study adds a
clinical-domain, leakage-controlled comparison against a
predefined expert workflow. The adherence setting is
especially restrictive because UNITSTOTAL is closely
related to the refill-derived outcome; high internal
accuracy can therefore coexist with weak prospective
interpretability. This context explains why the present
contribution is methodological a fair comparison of
preprocessing sourcesrather than a claim that an LLM
pipeline achieves a new state of the art in medication-
adherence prediction. Table 15 sets this study against
related work on dataset, model, label construction,
validation design, and leakage control.

E. Research Limitations

These findings should be interpreted in light of several
limitations.  First, source documentation reports
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Table 15. Quantitative comparison of the present study with related medication-adherence and LLM-assisted
preprocessing studies.

Study Dataset, size, and label  Classifier Pre- Validation ACC. AUC Key limitation
processing and leakage
Kanyongo Cimas claims, Zimbabwe Random Curated 8- Cross- 88.2% 0.935 No explicit fold-
etal. [16] (same dataset); PDC 2 Forest feature validation wise leakage
75%, record-level subset, control
manual
Abrar et al. Cimas claims, Zimbabwe; LightGBM One fixed Stratified 0.8163 0.9044 One manual
[20] 24,084 records, 11 manual 80:20 split + (CV pipeline; no LLM
predictors (40.15% pipeline; 10-fold CV; 0.8147 £ comparison
adherent); PDC-based, class Wilcoxon 0.0069)
record-level weighting
Gu et al. Connected sharps-bin LSTM Event- Deployed on 77.35% 0.8390 Not claims data;
[18] records; 342,174 records history a true future self-injecting
over >5 years; Next feature set test set population
adherence state, event- (temporal)
history based
Chen etal. TMUCRD, Taiwan; 4,134 XGBoost Seven Separate Not 0.782  Restricted to
[19] patients, 2004—2020; structured internal and reported internal first-time insulin
MPR = 80%, patient-level predictor  external test /0.771 users with T2DM
domains sets external
CAAFE OpenML tabular LLM LLM- Cross- Not 0.798  Non-clinical; no
[21] benchmarks; Varies by feature generated validation on reported — expert
benchmark task engineering and OpenML 0.822  comparator
validated
features,
iterative
Jellyfish Data-preparation tasks Instruction- LLM-driven Task-specific Not Not Not adherence;
[22] (imputation, error tuned local data benchmarks reported reporte not aleakage-
detection, schema LLM preparation d controlled
matching); Task- comparison
dependent
This study Cimas claims, Zimbabwe; LightGBM Five Repeated 5 0.8204— 0.903  Cross-sectional
24,071 records (40.2% and pipelines:  x 10-fold; 0.8229 internal;
adherent); 19,256 train/  Logistic one expert fold-wise UNITSTOTAL
4,815 locked holdout; Regression + three fitting; locked outcome-
PDC = 75%, record-level, frozen LLM holdout; proximal
cross-sectional + CAAFE TOST 0.01
beneficiary-level aggregation and de-duplication, but the  is operational rather than clinically validated. Sixth,
public analytic workbook omits BENEFICIARY, subgroup estimates are internal, and some groups are
preventing independent patient-group verification. much smaller than others; no external cohort or

Second, annual predictors and adherence are derived
from the same 2022 measurement year; this is cross-
sectional classification and cannot establish forward
temporal prediction. Third, the study uses one
Zimbabwean dataset, one predefined manual workflow,
and one archived generation per one-shot LLM, so it does
not fully estimate human-expert or LLM-generation
variability. A limited sensitivity check found five
independent DeepSeek regenerations (temperature 0.7)
at 0.8186 + 0.0009 accuracy with 14—-17 features and one
Claude Sonnet 4.6 regeneration at 0.822, but this check
is insufficient for broad multi-model generalization.
Fourth, UNITSTOTAL is partly a mechanical proxy for the
refill-based label, so measured accuracy overstates
genuine prospective predictability. Fifth, the £0.01 margin

prospective evaluation is available. Seventh, exploratory
decision curves cannot establish clinical utility without a
future-time prediction design. All findings require
confirmation on independent, prospectively collected
cohorts before clinical use.

F. Future Work

Future work should evaluate patient-level and temporally
separated cohorts from multiple health systems, repeat
each LLM generation across prompts and temperatures,
and test expert workflows designed by multiple domain
specialists. Analyses should also remove or prospectively
measure  outcome-proximal variables such as
UNITSTOTAL, pre-specify  clinically = meaningful
equivalence margins, and assess calibration drift,
subgroup stability, decision-curve utility, computation cost,
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and code-review burden. These extensions are
necessary before the workflow can be considered for
prospective clinical or operational use.

V. Conclusion

This study set out to determine whether frozen LLM-
generated preprocessing can match a predefined Manual
Expert workflow for medication-adherence classification
when the data, downstream model, folds, and evaluation
protocol are held constant. Within the pre-specified
operational +0.01 margin, frozen preprocessing code
from DeepSeek, Claude Sonnet 4.6, GPT-5.4, and
CAAFE achieved LightGBM performance statistically
equivalent to the Manual Expert workflow, with repeated
5 x 10-fold accuracy ranging from 0.8204 to 0.8229, and
the equivalence held for accuracy, MCC, and AUC alike.
Component ablation localized the source of the small
advantage over raw data to ratio features (+0.0018);
log1p transformations contributed nothing (+0.0000) and
scaling marginally reduced accuracy (-0.0007), which is
what monotone-invariant tree splits predict. The
equivalence also survived removal of the outcome-
proximal feature UNITSTOTAL: holdout accuracy fell from
0.820 to 0.758 and holdout AUC from 0.903 to 0.839,
while cross-validated accuracy fell to about 0.756, yet the
five pipelines stayed indistinguishable (span 0.0018).
Equivalence was nevertheless model-class dependent.
Under Logistic Regression, the accuracy span reached
0.202 as delivered and narrowed to 0.161 after uniform
scaling and nested-tuned regularization, with the residual
spread concentrated in CAAFE. Preprocessing should
therefore be selected jointly with the downstream
estimator rather than in isolation, and for tree-based
models its value lies in feature construction rather than
distributional correction. Because UNITSTOTAL is
mechanically related to the refill-derived label, the
absolute accuracy reported here reflects internal
separability rather than prospective predictability. Future
work should therefore validate these findings on external
and temporally separated cohorts from multiple health
systems, repeat LLM generation across prompts,
temperatures, and models, remove or prospectively
measure  outcome-proximal variables such as
UNITSTOTAL, and replace the operational £0.01 margin
with a clinically validated equivalence threshold before
any prospective clinical or operational use.

Data Availability

The de-identified dataset is available from Mendeley
Data, Version 2, under a CCO 1.0 public-domain
dedication (DOI: 10.17632/zkp7sbbx64.2) [27].

https://data.mendeley.com/datasets/zkp7sbbx64/2

Code Availability

The Python code, the frozen LLM-generated
preprocessing functions, the verbatim prompts and raw
model responses, the evaluators, and all result files
supporting this study are publicly available at
https://github.com/ihyaabrar/llm-vs-manual-

preprocessing and archived on Zenodo

(https://doi.org/10.5281/zenod0.23228032).

The repository includes the data loader, the statistical-
analysis notebooks, and instructions to reproduce every
table and figure reported here.

Declaration of Generative Al Use

The large language models studied hereDeepSeek,
Claude Sonnet 4.6, GPT-5.4, and the model underlying
CAAFEwere the object of investigation rather than tools
used to prepare this manuscript. Their role, the prompts,
the generation date, the model identifiers, and the
freezing procedure are described in full in the Materials
and Methods section, and the generated code is archived
in the public repository. Separately, and in line with the
journal policy on generative Al, the authors disclose that
an Al assistant (Claude, Anthropic) was used during
manuscript preparation for language editing, restructuring
the Abstract and the Conclusion, and drafting explanatory
passages written in response to reviewer comments. It
was not used to design the study, to run or analyze the
experiments, or to generate any result, figure, or the
graphical abstract. The authors reviewed, verified, and
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responsible and accountable for the entire contents of this
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    p  T O S T = m a x  ( P ( T >   t  L ) ,   P ( T <   t  U ) )


  C   I  95 % =  [    𝜃   ( 0 . 025 ) ∗ ,      𝜃   ( 0 . 975 ) ∗ ]


        𝜒  F 2 =   12 N  k ( k + 1 )   ∑  j = 1  k    R  j 2 − 3 N ( k + 1 )  


      C D =   q  𝛼    k ( k + 1 )  6 N  


        d  z =     d ˉ    s  d  


      Brier =  1  N   ∑  i = 1  N (   p  i −   y  i  ) 2  


      ECE =   ∑  b    ∣   B  b ∣  N ∣ acc (   B  b ) − conf (   B  b ) ∣  


  d ̄


    s  d


    d  z   =     d ̄    s  d


    p  i


  i


    y  i


    B  b


  b


     |   B  b |  N


  (  1  N   +     𝜌  ( 1 − 𝜌 ) )


  𝜌   =    1  k


    H 0 : |mean difference| ≥ 0.01


    H 1 : |mean difference| < 0.01


  ± 0 . 01

