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ARTICLE INFO ABSTRACT
Keywords: Patient-generated drug reviews provide a scalable source of real-world evidence on perceived medication
Patient-generated drug reviews effectiveness, yet robust and reproducible modelling benchmarks remain limited. This study presents a quanti-

Drug-level effectiveness prediction

tative evaluation of seven natural language processing pipelines for predicting drug-level effectiveness ratings
Natural language processing

TF.IDF from patient reviews on a 1-10 scale. Reviews were aggregated at the medication level by concatenating texts per
Support vector regression drug and constructing a stabilised drug-level target using Bayesian shrinkage (a« = 10.0). Models spanning sparse
ClinicalBERT lexical baselines, dense embedding pipelines, frozen biomedical transformers, and a compute-aware fine-tuned
External validation transformer baseline (that is, one tuned under an explicitly bounded compute budget) were assessed using
Repeated K-Fold cross-validation on Dataset A (5 folds x 2 repeats; out-of-fold prediction) and external vali-
dation on four independent datasets (A—B-E). Performance was measured using RMSE and MAE, with R?
Pearson correlation, Spearman correlation, and calibration slopes, intercepts, and plots reported to characterise
association and reliability under dataset shift. Across internal validation and most external evaluations, TF-IDF
with Ridge regression achieved TF-IDF with linear support vector regression (SVR) achieved the strongest overall
accuracy (Dataset A internal RMSE = 0.336; R? = 0.813) and generalised well, particularly on Dataset and
generalised consistently, achieving the lowest error on every external corpus, including Dataset B (RMSE =
0.438), the only external dataset sharing no reviews with the training data. External results are reported after
removing reviews duplicated from the training corpus, which affected 97.8 per cent of Dataset C, 98.9 per cent of
Dataset D and 28.7 per cent of Dataset E. Transformer-based approaches, including SBERT and frozen biomedical
encoders, did not outperform lexical baselines, and a transparently tuned ClinicalBERT regression baseline using
a learning-rate sweep {le-5, 2e-5, 3e-5} with early stopping did not yield consistent gains under external shift.
The best lexical baseline achieved consistently lower RMSE than the best transformer pipeline in every one of the
five evaluation settings, with a median RMSE gap of 0.19 rating points. A paired non-parametric test is reported
alongside this descriptive pattern (Wilcoxon signed-rank, p = 0.031), but with only five paired settings this is the
minimum attainable p-value and it is therefore treated as a caveat-bearing supplement rather than as confir-
matory evidence. These findings indicate that, under drug-level aggregation and compute-aware tuning,
frequency-based lexical signals capture much of the predictive structure in patient reviews. The benchmark
provides a reproducible framework for evaluating drug-review-based effectiveness prediction with internal and
external validation and reliability diagnostics relevant to pharmacovigilance and digital health analytics.

1. Introduction perspective, often at a scale that exceeds what is available through
conventional trials or structured pharmacovigilance reporting [1].

Patient-generated drug reviews are free-text narratives accompanied Because they reflect real-world use, including off-label contexts and
by numerical ratings that individuals post on platforms such as Drugs. heterogeneous patient populations, they can complement clinical evi-
com, WebMD, and Ask a Patient. These reviews capture perceived dence by highlighting patterns of perceived benefit and harm that may
effectiveness, adverse effects, and overall satisfaction from the patient not be prominent in controlled settings. Prior work has also shown that
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Table 1
Summary of the five patient-review datasets used in the benchmark.
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Dataset Source platform Role in study Approx. scale / coverage Provenance / access
A Drugs.com Training + internal 215,063 reviews; 3671 drugs; 916 conditions; 3671 drug-level Public Drugs.com review corpus (UCL/
validation observations from 215,063 reviews Kaggle distribution)
B DrugLib.com External validation Independent drug-review collection with 1-10 ratings; 541 drug-level Public DrugLib.com review corpus
observations from 4143 reviews; 0.0% removed as duplicates of Dataset A

C HealthyData. External validation Real-world drug-product user reviews with 1-10 ratings; 444 drug-level ~ Public repository (healthydata.science)
science observations from 702 reviews; 97.8% removed as duplicates of Dataset A

D Hugging Face External validation Publicly redistributed drug-review dataset with 1-10 ratings; 610 drug-  huggingface.co/datasets/forwins/Drug-

level observations from 1950 reviews; 98.9% removed as duplicates of

Dataset A

E (DrugRev) DrugRev / External validation

Mendeley Data

Review-Dataset

Customer reviews on drug purchasing and satisfaction with 1-10 ratings; Ahmed et al. [26], doi.
3213 drug-level observations from 279,785 reviews; 28.7% removed as

org/10.17632/64cc5w5dxy. 1

duplicates of Dataset A; general satisfaction rating (see Section 3.1)

Note. All datasets are publicly available and de-identified in their released form. Counts for Datasets B-E reflect the publicly distributed versions; exact totals vary by
release. Drug-level observations denote the number of unique medications retained after aggregation and cleaning, which is the sample size on which the corre-
sponding column of Table 2 is computed. The study constitutes secondary analysis of public text data.

aggregated user ratings can align with clinically plausible signals,
including lower ratings for drugs associated with higher burdens of
adverse effects [2]. This supports the view that patient-reported out-
comes in online reviews may serve as a useful secondary source of evi-
dence when analysed carefully and validated appropriately. Early
computational studies commonly framed the analysis of patient drug
reviews as a sentiment classification problem or as a text-to-rating
prediction task. Traditional approaches relied on feature engineering
using bag-of-words or term frequency-inverse document frequency
(TF-IDF) representations, combined with supervised learning methods
such as support vector machines, logistic regression, naive Bayes, and
random forests. Grafer et al. [3], for example, used the DrugLib corpus
to predict rating-related aspects such as effectiveness and side-effect
severity. Their results highlighted that performance could degrade
under domain shift across datasets and conditions, which underscored
the importance of external validation and generalisation beyond a single
corpus.

With larger datasets and the adoption of neural sequence models,
later work explored convolutional and recurrent architectures,
including bidirectional long short-term memory networks. Colon-Ruiz
and Segura-Bedmar [4] benchmarked CNN and bi-LSTM models on
Drugs.com reviews and reported improvements over classical baselines
in some settings, while also noting the importance of task design and
evaluation choices. More recently, transformer models such as BERT and
domain-adapted variants have been applied to patient review data. Shiju
and He [5] reported strong results from fine-tuned BERT variants on
rating prediction tasks. Sorayaie Azar et al. [6] proposed an ensemble
approach and incorporated explainability methods, demonstrating the
potential to scale models across large review corpora. A parallel and
rapidly growing body of work on user-generated text classification has
further shown that the advantage of large language models and trans-
former ensembles is highly contingent on customisation, task formula-
tion, and evaluation design rather than being guaranteed by architecture
alone. Shatnawi et al. [7] demonstrated that the strong performance of
tailored large language models on spam detection depended on sys-
tematic model customisation and careful benchmarking across diverse
datasets, while Al-Shawakfa et al. [8] showed that transformer-based
ensembles for radicalisation detection in Arabic social media achieved
their gains only through deliberate model diversity, tuning depth, and
task-specific design. These studies collectively indicate that stronger
representation learning and task adaptation can improve performance,
although conclusions vary depending on dataset composition, label
formulation, and evaluation design. Despite progress, several gaps
remain. First, many studies evaluate models primarily at the individual
review level, while practical decision support often requires drug-level
effectiveness estimates. The choice between review-level and
drug-level modelling changes both the learning problem and the types of
signals that dominate predictive performance. Second, cross-corpus

validation is not consistently included, which limits conclusions about
robustness under dataset shift. Third, transformer performance is
sometimes reported without transparent tuning budgets, which com-
plicates fairness in comparisons against strong lexical baselines. Finally,
interpretability and reliability diagnostics, such as calibration behaviour
under shift, are often treated as secondary.

This study addresses these issues by benchmarking seven natural
language processing pipelines for drug-level effectiveness prediction
from patient-generated reviews. Reviews are aggregated at the medi-
cation level to construct a single document and a single effectiveness
target per drug. The benchmark spans strong lexical baselines (TF-IDF
with linear support vector regression, hereafter SVR, and TF-IDF with
Ridge regression), embedding pipelines using SBERT, frozen biomedical
transformer encoders (BioLinkBERT and BioGPT), and a compute-aware
fine-tuned transformer baseline (ClinicalBERT) with a transparent
learning-rate sweep and early stopping. Models are evaluated using
repeated K-Fold cross-validation on Dataset A with out-of-fold predic-
tion and external validation on independent datasets. In addition to
predictive error metrics, the analysis reports association measures and
tabulated calibration diagnostics to support interpretation under dis-
tribution shift. The goal is not to claim universal superiority for a model
family, but to provide a reproducible and fair comparison that clarifies
which approaches perform reliably for drug-level effectiveness predic-
tion under realistic constraints.

2. Literature review
2.1. Patient-generated reviews for medication effectiveness modelling

Patient-generated drug reviews provide an accessible source of real-
world evidence describing perceived efficacy, tolerability, and satis-
faction. Platforms such as Drugs.com and DrugLib.com include large
numbers of reviews that describe outcomes outside controlled settings,
which can complement clinical evidence when interpreted with appro-
priate caution [9]. A wide range of machine learning and natural lan-
guage processing methods has been applied to patient review text for
tasks such as adverse drug event detection, adherence modelling, and
satisfaction prediction [10-15]. Across many such studies, sparse lexical
features remain strong baselines because they are computationally
efficient and relatively transparent, particularly when paired with linear
predictors such as Ridge regression or support vector machines [14,16].
Transformer-based models have also been applied, including Clin-
icalBERT and other biomedical variants [17]. Recent benchmarking
studies of user-generated text reinforce that transformer and large lan-
guage model performance is conditional rather than automatic. Shat-
nawi et al. [7] reported that tailored large language models reached
near-ideal accuracy on spam detection only after explicit model cus-
tomisation and benchmarking across many datasets, and Al-Shawakfa
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et al. [8] found that transformer ensembles for Arabic radicalisation
detection depended on model diversity and tuning depth to outperform
simpler baselines. However, performance is sensitive to task formula-
tion, tuning regime, and the degree to which the predictive signal is tied
to explicit lexical cues.

Evaluation practice in this area increasingly emphasises external
validation across independent datasets, rather than relying exclusively
on internal cross-validation [18,11,19]. Reliability assessment is also
gaining attention, particularly where deployment is considered. Cali-
bration plots and slope-intercept diagnostics are commonly used to
assess whether predicted ratings maintain appropriate scale alignment
under dataset shift [11,18]. These trends motivate benchmarks that
report not only accuracy but also transfer behaviour and reliability.

2.2. Datasets for patient-generated review analysis

Several public datasets support research on patient review model-
ling. Commonly used corpora include review collections derived from
Drugs.com and related platforms, as well as repackaged versions
distributed through platforms such as Kaggle and Hugging Face. These
datasets typically include drug names, free-text reviews, numeric ratings
on a 1-10scale, and additional fields such as condition labels or help-
fulness votes. While there is substantial overlap in the general structure
of these resources, datasets often differ in rating conventions, topic
distributions, and review style. These differences can induce dataset
shift that affects generalisation and calibration, which makes external
validation essential for robust conclusions.

2.3. Typical representations and feature design

Most predictive approaches rely on representations that capture
either lexical frequency patterns or contextual semantics. TF-IDF n-gram
features remain widely used because they retain clinically meaningful
surface forms and evaluative phrases that frequently occur in patient
reviews [5,14]. Some studies incorporate structured features such as
review length or helpfulness indicators, although the usefulness of such
features depends on availability and cross-platform consistency. More
recent work uses contextual embeddings from transformer encoders,
including SBERT and biomedical variants, sometimes reduced using
principal component analysis to mitigate collinearity and reduce
dimensionality. These representations can capture semantic similarity
and paraphrase structure, but their predictive benefit for rating esti-
mation is not guaranteed without task adaptation.

2.4. Evaluation metrics and validation practices

Medication effectiveness prediction is often treated as either classi-
fication over rating bins or regression on the 1-10 scale. RMSE is widely
reported in regression settings because it penalises large deviations that
may be meaningful in practice [20,21]. MAE is also common due to its
interpretability. R? is often reported to quantify explained variance, and
correlation measures can be used to assess rank consistency. Recent
work emphasises the importance of evaluation designs that reflect
deployment conditions, including external validation and reliability
checks such as calibration assessment, particularly when training and
test sets differ in composition [18].

2.5. Algorithms and comparative findings

The methodological spectrum includes classical linear models, neu-
ral networks, and transformer-based pipelines. Classical models using
TF-IDF features paired with Ridge regression or linear support vector
regression remain strong baselines and can be competitive under real-
istic compute constraints Das et al. [22]. Neural models such as CNNs
and bi-LSTMs can improve performance in some settings by modelling
local and sequential structure, especially when large, labelled datasets
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are available [23]. Transformer-based models can outperform classical
methods when they are fine-tuned appropriately for the task and when
the dataset supports the required adaptation. Consistent with this, the
spam-detection benchmark of Shatnawi and Alsobeh (2025) and the
radicalisation-detection ensemble of Al-Shawakfa et al. [8] both show
that such advantages emerge primarily under deliberate customisation,
sufficient tuning depth, and evaluation designs aligned with the target
task. However, frozen transformer embeddings do not always preserve
the explicit lexical cues that drive rating prediction in short, evaluative
text, and performance often depends on the tuning strategy and the level
at which the prediction target is defined.

2.6. Gaps motivating this study

Several gaps motivate the present benchmark. First, studies often
report results on a single corpus or rely mainly on internal validation,
leaving cross-corpus robustness under-examined [24,25]. Second, the
distinction between review-level modelling and drug-level modelling is
not consistently addressed, even though the two settings represent
different objectives and may favour different representations. Third,
transformer comparisons are not always supported by transparent tun-
ing budgets, which complicates fairness when contrasting them with
strong lexical baselines. Fourth, reliability reporting, including calibra-
tion behaviour under dataset shift, is not consistently integrated into
comparative evaluations [18].

This study responds to these gaps by providing a reproducible
benchmark for drug-level effectiveness prediction with both internal
and external validation. It compares strong lexical baselines with frozen
transformer encoders and a transparently tuned ClinicalBERT baseline a
compute-aware learning-rate sweep. It also reports calibration slopes
and intercepts to support interpretation of reliability under dataset shift.
The aim is to clarify which modelling choices are most reliable for drug-
level prediction from patient reviews under realistic constraints, rather
than to claim universal superiority for a single model family.

3. Methodology
3.1. Datasets

This study employed five complementary datasets of patient drug
reviews to evaluate predictive models of medication effectiveness.
Dataset A was derived from Drugs.com and served as the primary
training and internal-validation resource because of its scale and broad
medication coverage; it comprises 215,063 patient reviews spanning
3671 unique drugs and 916 unique conditions, with each review con-
taining a drug name, an associated condition, free-text review content, a
numeric rating on a 1-10 scale, a submission date, and a usefulness-vote
count. Dataset B was obtained from DrugLib.com and used exclusively
for external validation. Dataset C was obtained from the public
HealthyData.science repository, and Dataset D was obtained from a
publicly distributed corpus hosted on Hugging Face. Dataset E corre-
sponds to the DrugRev corpus released on Mendeley Data [26] and was
likewise used only for external validation. The DrugRev release is
documented by its authors as a collection of customer reviews on drug
purchasing and satisfaction, so its numeric rating is best understood as a
general satisfaction rating that may combine perceived medical effec-
tiveness with aspects of the purchasing experience rather than as a
rating of medical effectiveness alone.Dataset E corresponds to the Dru-
gRev corpus released on Mendeley Data [26] and was likewise used only
for external validation. The DrugRev release is documented by its au-
thors as a collection of customer reviews on drug purchasing and
satisfaction, and its numeric rating is therefore best understood as a
general satisfaction rating that may combine perceived medical effec-
tiveness with aspects of the purchasing and supply experience, rather
than as a rating of medical effectiveness alone. We retain Dataset E
because this difference in the rating construct, rather than a difference in
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vocabulary or drug coverage only, represents the most demanding form
of transfer examined here; we treat it explicitly as a construct-shift stress
test and interpret its results accordingly (Sections 4.2.4, 5.3 and 5.7). All
five datasets share the same core fields used in this study, namely
free-text reviews, drug identifiers, and numeric effectiveness ratings on
a 1-10 scale; they differ in platform of origin, review style, drug and
condition coverage, and rating conventions, which is precisely the
source of distribution shift that the external-validation design is inten-
ded to probe. Table 1 summarises the provenance, role, scale, and source
of each dataset. After the external corpora were assembled we tested
directly for overlap with the training corpus by comparing normalised
review texts, and the result materially qualifies the description of three
of them as independent. Dataset B shares no reviews with Dataset A.
Dataset C and Dataset D, by contrast, are almost entirely redistributions
of the same Drugs.com material: 97.8 per cent and 98.9 per cent of their
reviews respectively occur verbatim in Dataset A. Dataset E shares 28.7
per cent. We report this because it was not identified when the bench-
mark was first assembled, and because evaluating a model on reviews it
was trained on does not measure generalisation. All external results
reported in Section 4 are therefore computed after removing from
Datasets B to E every review whose text also appears in Dataset A, so that
no evaluation review was seen during training; the drug-level counts in
Table 1 are the de-duplicated counts. Dataset B required no filtering and
is consequently the only fully independent external corpus in the
benchmark. Datasets C and D retain 702 and 1950 reviews respectively
after filtering, so their drug-level targets rest on very few reviews per
medication and their metrics should be read as indicative only. Dataset E
retains 279,785 reviews and remains a substantial external test. A re-
sidual dependence persists in all four, in that most of their medications
also appear in Dataset A; this is inherent to drug-level prediction, where
the intended use case is to estimate a rating for a known medication from
previously unseen reviews, but it should be borne in mind when the
external metrics are interpreted. Because the unit of analysis is the

3.1 & 3.3 'DATASETS & DATA PREPARATION'

Dataset A (Drugs.com,
Training & Internal Val)
Datasets Bto E

(DrugLib.com, healthydata,
science, huggingface &

AGGREGATION TO
MEDICATION LEVEL

Concatenate all
patient reviews for
each medication.

DRUG-LEVEL EFFECTIVENESS
ESTIMATE (1-10 TARGET)

Mean Rating = Bayesian
Shrinkage (a=10.0) =
Shrunk Drug-level Target.
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medication rather than the review, the sample size that governs each
evaluation is the number of drug-level observations remaining after
aggregation, not the number of raw reviews. These counts are reported
for all five datasets in Table 1: Dataset A contributes 3671 drug-level
observations, and the external evaluations are based on 541 observa-
tions for Dataset B, 444 for Dataset C, 610 for Dataset D, and 3213 for
Dataset E, after the de-duplication described below. While Dataset A
provided the scale required for training, the remaining datasets offered
independent distributions of reviews, conditions, and drug frequencies,
enabling a rigorous test of out-of-domain generalisation.

3.2. Research design

This study uses a quantitative experimental design to benchmark
natural language processing pipelines for predicting medication effec-
tiveness from patient-generated drug reviews. The task is framed as
regression on a 1-10 rating scale. The unit of analysis is the medication,
not the individual review. Reviews are aggregated to drug-level out-
comes to support the practical use case of producing a drug-level
effectiveness estimate that can be compared across medications. The
study proceeds in four stages. First, raw review data are cleaned and
transformed into drug-level samples with one target value per medica-
tion. Second, a set of modelling pipelines are implemented that span
sparse lexical approaches and transformer-based approaches. Third,
models are evaluated using internal repeated cross-validation on Dataset
A and external validation on independent datasets. Fourth, models are
compared using accuracy, association, and calibration diagnostics.
Fig. 1 illustrates the end-to-end workflow, from drug-level aggregation
through modelling and evaluation.

3.3. Data preparation

All datasets contain free-text drug reviews and a numeric rating on a

PREPROCESSING STRATEGIES

Lexical Preprocessing
(for SVR/Ridge):

Transformer Preprocessing
(for ClinicalBERT):
Aggressive cleaning: markup, Minimal proceszing: markup

whitespace, lowercasing, removed, whitespace normalized.
punctuation, stopwords filtered || Casing and punctuation preserved.

external sources)

3.4 & 3.9 'MODEL DEVELOPMENT & PROTOCOLS'

Based on number of
reviews per drug

A. Sparse Lexical Baselines (Table 2)

B. Transformer-based Representations (compute-limited) (Table 2)

SAMPLE WEIGHTS
‘ MODEL SELECTION
& RATIONALE

S p 4 = = SELECTED MODEL:
Pipelines i. Frozen Biomedical Encoders (PCA-reduced to 256 dims) 1-;:.[";“: with Linear lsvg
. . 7 - e strongest overall,
TF-IDF + Linear SVR TF-IDF + Ridge [ SBERT +PCA +Ridge i. Fine-tuning _ —_— SO RAN arssatle]
Word n-grams 1-2, Word TF-IDF 1-2 [ SBERT + PCA + DNN ClinicalBERT Fine-tuning | COMPLEMENTARY BASELINE:
min_df=5, max_df=0.9 Ridge (SSBERT + PCA + DNN with FFNN) Bio_CIinicallBER'l'avlveighted MSE,F:' ( TF-IDFiwiull Rhicfglej
SVR: C=1.0, computationally efficient, - - — compute-limited learning-rate #r— | (interpretable, slightly better
epsilon=0.0 stable, and inigrpretable [BloLinkBERT + PCA + Ridge sweep: {1e-5, 2e-5, 3e-5), | on ane external dataset).
under sparse linear features [ BioGPT + PCA + Ridge early stopping) TRANSFORMER INTERPRETATION:
J ) Interpreted under the chosen
aggregation and tuning regime
3'5 & 3’2 '\EVALUAT'ON STRATEGY' DIAGNOSTICS & RELIABILITY. (not as general capability claims).
A. INTERNAL VALIDATION (DATASET A) - RMSP
Train on A, Generate Out-of-Fold Predictions _
[ Repeated K-Fold (5-Fold, 2 repeats) I—P( across all drugs (no leakage). J I;'IZAE ETHICAL CONSIDERATIONS
« Pearson Corelation Public de-identified data,
B. EXTERNAL VALIDATION (DATASETS B to E) « Spearman Correlation semgdar\,} analysis, no
i Evaluate on Test Sets B, C, D, E « Calibration Slope re-identification, no
[ Train on Full Dataset A J_’((assess generalisation under distribution shift) « Galibration Inercept protected attributes.

Fig. 1. Detailed end-to-end workflow for medication effectiveness prediction. The diagram organises the methodology into four phases: (1) data preparation and pre-
processing, including aggregation of raw reviews into drug-level targets (1-10 regression), target stabilisation via Bayesian shrinkage (a = 10.0), and parallel pre-
processing for lexical and transformer models; (2) model development, covering seven pipelines across sparse lexical baselines (TF-IDF with linear SVR/Ridge) and
transformer-based representations (frozen encoders BioLinkBERT, SBERT, BioGPT and fine-tuned ClinicalBERT); (3) evaluation strategy, contrasting internal
repeated 5-fold cross-validation on Dataset A with external validation on four independent datasets (B-E); and (4) results and rationale, including diagnostic metrics
and the selection of TF-IDF with linear SVR as the deployment model. Note: ‘val’ = validation.
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Table 2
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Drug-level predictive performance (1-10 rating scale). Dataset A (internal OOF) = out-of-fold predictions from Repeated K-Fold cross-validation (5 folds x 2 repeats).

Datasets B-E = external validation trained on Dataset A and tested on each dataset.

Model / Dataset RMSE MAE R? Pearson r Spearman p
Dataset A (internal OOF) n = 3671 drugs

TF-IDF + SVR 0.3729 0.2517 0.7694 0.8859 0.8564
TF-IDF + Ridge 0.3358 0.2442 0.8129 0.9029 0.8540
SBERT + PCA + Ridge 0.9485 0.7527 -0.4923 0.3799 0.3758
SBERT + PCA + DNN 0.7764 0.5904 0.0000 0.0934 0.0612
BioLinkBERT (frozen) + PCA + Ridge 1.1504 0.8602 -1.1953 0.3251 0.3838
BioGPT (frozen) + PCA + Ridge 1.1035 0.8594 -1.0199 0.2634 0.2938
ClinicalBERT (fine-tuned) regression 0.7043 0.5081 0.1773 0.4451 0.4463
Dataset B (external A—>B) n = 541 drugs

TF-IDF + SVR 0.4356 0.3320 0.3079 0.5635 0.4911
TF-IDF + Ridge 0.4384 0.3382 0.2990 0.5665 0.4848
SBERT + PCA + Ridge 0.8501 0.6831 -1.6357 0.2134 0.1889
SBERT + PCA + DNN 0.5259 0.3897 -0.0087 -0.0744 -0.0706
BioLinkBERT (frozen) + PCA + Ridge 1.0365 0.8000 -2.9177 0.1286 0.1467
BioGPT (frozen) + PCA + Ridge 1.1511 0.9026 -3.8325 0.1552 0.1607
ClinicalBERT (fine-tuned) regression 0.6247 0.4834 -0.4232 0.2585 0.2255
Dataset C (external A—C) n = 444 drugs

TF-IDF + SVR 0.3022 0.2311 0.2376 0.6783 0.6099
TF-IDF + Ridge 0.3304 0.2563 0.0887 0.6843 0.6159
SBERT + PCA + Ridge 1.2935 1.0438 -12.9682 0.4406 0.3687
SBERT + PCA + DNN 0.3777 0.3343 -0.1909 -0.2005 -0.1666
BioLinkBERT (frozen) + PCA + Ridge 2.7937 2.2204 -64.1537 0.2433 0.2493
BioGPT (frozen) + PCA + Ridge 1.7925 1.3817 -25.8233 0.1770 0.1297
ClinicalBERT (fine-tuned) regression 0.3472 0.2641 -0.0061 0.4908 0.4448
Dataset D (external A—D) n = 610 drugs

TF-IDF + SVR 0.3720 0.2870 0.5506 0.7515 0.6998
TF-IDF + Ridge 0.3660 0.2844 0.5649 0.7795 0.7245
SBERT + PCA + Ridge 0.8581 0.6772 -1.3910 0.4904 0.5089
SBERT + PCA + DNN 0.5593 0.4051 -0.0159 0.1700 0.0989
BioLinkBERT (frozen) + PCA + Ridge 0.9956 0.7656 -2.2188 0.3857 0.4360
BioGPT (frozen) + PCA + Ridge 0.9796 0.7847 -2.1164 0.3368 0.3583
ClinicalBERT (fine-tuned) regression 0.5893 0.4605 -0.1278 0.5194 0.4888
Dataset E (external A—E) n = 3213 drugs

TF-IDF + SVR 0.7281 0.5316 0.5965 0.8612 0.8376
TF-IDF + Ridge 0.6765 0.5039 0.6517 0.8715 0.8395
SBERT + PCA + Ridge 1.2020 0.9257 -0.0995 0.3837 0.3871
SBERT + PCA + DNN 1.2654 0.9155 -0.2186 0.0045 -0.0118
BioLinkBERT (frozen) + PCA + Ridge 1.2714 0.9647 -0.2303 0.3804 0.4316
BioGPT (frozen) + PCA + Ridge 1.3778 1.0529 -0.4447 0.3013 0.3259
ClinicalBERT (fine-tuned) regression 1.1304 0.8226 0.0275 0.5148 0.5202

Notes: (a) Design. The unit of analysis, the shrinkage-based construction of the drug-level target, and the out-of-fold internal protocol are specified in Sections 3.2, 3.3
and 3.5 and are not restated here. (b) Sample size. Drug-level observation counts for each dataset are given in Table 1. (c) Preprocessing policy. Lexical models used
stronger normalisation; transformer inputs were minimally cleaned (markup removal, whitespace normalisation) while retaining casing and punctuation and were
truncated to the first 256 wordpieces (Section 3.4.1). (d) Model naming. TF-IDF = term frequency-inverse document frequency; SVR = linear support vector
regression; ClinicalBERT (fine-tuned) = end-to-end fine-tuning of Bio_ClinicalBERT. (e) ClinicalBERT transparency. The learning-rate sweep used {1e-5, 2e-5, 3e-5};
the selected learning rate was 2e-5 and the best validation RMSE during the sweep was 0.7136. Fine-tuning used a maximum of 6 epochs with early stopping (patience
= 2), batch size = 8, and weight decay = 0.01. (f) Sample weighting. Weights proportional to the number of reviews per drug were applied to TF-IDF + Ridge, to the
Ridge stage of the three embedding pipelines and to ClinicalBERT fine-tuning; TF-IDF -+ linear SVR was fitted unweighted (Section 3.3). (g) Rounding. Table values are
reported to four decimal places; values quoted in the Abstract and in the running text are rounded to three decimal places. (h) Calibration. Calibration slopes and

intercepts for every pipeline and dataset tabulated in Table 3.

1-10 scale. Dataset A is used for model development and internal vali-
dation. Datasets B, C, D, and E are used as external test sets to assess
generalisation under distribution shift. Reviews are aggregated at the
medication level. For each drug, all reviews are concatenated to form a
single document. The raw drug-level rating is computed as the mean of
the available review ratings for that drug. To reduce instability for drugs
with few reviews, a Bayesian (empirical-Bayes) shrinkage estimator is
applied Table 2.

Formally, for a drug d with nd available review ratings whose sample
mean is 9, the stabilised drug-level target 69 is computed by shrinking
the per-drug mean toward a global prior mean po (the overall mean
rating across all drug-level samples in the training data):

= §9+a-p)/ @+ o),

where a > 0 is the prior strength. The prior mean po is the global mean
effectiveness rating, so that drugs with few reviews are pulled toward
the overall average and drugs with many reviews retain their empirical

mean. The effective weight placed on the per-drug data is nd / (nd + a)
and the weight on the prior is o / (nd + a). With the chosen value a
= 10.0, a drug supported by a single review receives only about 9% of its
weight from its own rating, a drug with 10 reviews is balanced equally
between its own mean and the prior, and a drug with 100 reviews relies
on its own mean for roughly 91% of the estimate. The resulting target
remains on the original 1-10 scale. The value a = 10.0 was fixed a priori
and recorded in the reproducibility notes; a sensitivity analysis of this
choice is reported in Section 4.5.

Two preprocessing strategies are used to avoid biasing one model
family. For lexical models, text is normalised more aggressively. Mark-
up is removed, whitespace is normalised, and tokens are lowercased.
Punctuation removal and stopword filtering are applied because sparse
n-gram models benefit from standard lexical normalisation. For trans-
former models, text is minimally processed. Mark-up is removed and
whitespace is normalised, while punctuation and casing are preserved.
This choice aligns the input distribution with the pretraining conditions
of BERT-style models and reduces the risk of suppressing clinically
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relevant surface cues. During model fitting, sample weights are defined
using the number of reviews contributing to each drug-level sample.
This gives more influence to medications supported by more evidence
and reduces sensitivity to extreme means estimated from very small
numbers of reviews. These weights are not applied uniformly across the
seven pipelines, and the asymmetry is stated here in full. Weights enter
the weighted least-squares objective of TF-IDF + Ridge and of the Ridge
stage of the SBERT, BioLinkBERT and BioGPT pipelines, and they enter
the weighted mean squared error objective used for ClinicalBERT fine-
tuning. The TF-IDF + linear SVR baseline is fitted without sample
weights. The unsupervised stages that admit no target-dependent
weighting, namely the TF-IDF vectorisation and the PCA basis, are
also fitted without weights. We draw attention to this because it bears
directly on the fairness of the comparison, and because its direction is
the opposite of a confound favouring the reported conclusion: the
pipeline that achieves the lowest error in four of the five evaluation
settings is the one pipeline that does not receive evidence weighting,
while every pipeline it outperforms does. Weighting therefore cannot
account for the lexical advantage reported in Section 4.

3.4. Model development

Seven modelling pipelines are implemented. They are chosen to
represent both strong sparse lexical baselines and transformer-based
representations under a compute-aware design. The pipelines are sum-
marised below using consistent naming that matches Table 2.

TF-IDF + Linear SVR. The primary lexical baseline uses TF-IDF
word n-grams (1-—2). Sublinear term frequency scaling is applied.
Terms are filtered using minimum document frequency and maximum
document frequency thresholds. A linear support vector regression
model is trained on the TF-IDF features. This model is included because
it is a strong linear baseline for high-dimensional sparse text features
and does not require deep representation learning.

TF-IDF + Ridge. A second lexical baseline uses the same TF-IDF
representation and fits Ridge regression. Ridge is included because it
is computationally efficient, stable, and interpretable under sparse
linear features. The Ridge baseline also provides a clear reference point
for the transformer comparisons.

SBERT + PCA + Ridge. Dense sentence embeddings are produced
using Sentence-BERT with the all-mpnet-base-v2 encoder. Embeddings
are reduced using principal component analysis to 256 dimensions to
control collinearity and improve conditioning. The number of retained
components was fixed a priori at 256 for every embedding pipeline and
was not selected by cross-validation. This value is unrelated to the 256-
wordpiece window length used by the transformer encoders (Section
3.4.1); the coincidence of the two numbers carries no methodological
significance. Two considerations motivated the choice. First, 256 com-
ponents keep the design matrix well conditioned relative to the number
of drug-level training observations, so that the downstream Ridge fit is
not dominated by directions estimated from very few effective degrees
of freedom. Second, fixing one value across all embedding pipelines
prevents any single representation from gaining an advantage through
per-model dimensionality tuning, which would reintroduce the very
asymmetry that the compute-aware protocol is designed to exclude.
Because the component count was fixed rather than tuned, we make no
claim that 256 is optimal for any individual encoder, and a systematic
sensitivity analysis over the retained dimensionality is identified as
future work in Section 5.7. Ridge regression is then trained on the
reduced embeddings.

SBERT + PCA + DNN. To allow non-linear mapping in the SBERT
feature space, a shallow feed-forward neural regressor is trained on the
PCA-reduced SBERT embeddings. The network uses two hidden layers
and dropout. Optimisation uses a robust regression loss and early stop-
ping on a held-out validation split drawn from the training fold.

BioLinkBERT (frozen) + PCA + Ridge. BioLinkBERT-large is used
as a frozen biomedical encoder. Token embeddings are mean pooled
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using the attention mask. The pooled vectors are reduced to 256 di-
mensions using PCA. Ridge regression is trained on the reduced vectors.
The encoder weights remain fixed to preserve the compute budget and
to provide a frozen biomedical baseline.

BioGPT (frozen) + PCA + Ridge. BioGPT is used under the same
frozen encoding strategy as BioLinkBERT. Mean-pooled token embed-
dings are reduced using PCA and passed to Ridge regression.

ClinicalBERT fine-tuning for regression. ClinicalBERT (Bio_-
ClinicalBERT) is fine-tuned end-to-end for regression using a weighted
mean squared error objective, where weights are proportional to the
number of reviews per drug. A compute-aware learning-rate sweep is
conducted over {le-5, 2e-5, 3e-5}. The learning rate is selected using
validation RMSE with early stopping. The selected learning rate and
validation performance are reported in the Table 2 footnotes to support
transparency and fairness in the transformer comparison.

3.4.1. Equalising input information across model families

Because TF-IDF operates on the full aggregated drug-level document
while a single transformer forward pass is bounded by a fixed maximum
sequence length, a naive comparison could give the lexical models an
information advantage by exposing them to more of each drug’s text.
This asymmetry is not removed in the present benchmark, and we state
its extent explicitly. The transformer inputs are formed by truncating the
concatenated drug-level document to the first 256 wordpieces: each
document is tokenised with truncation enabled at a maximum sequence
length of 256, so a single forward pass covers the opening fragment of
the document and the remainder is discarded. No sliding-window ag-
gregation over the full document is performed. The consequence is
quantifiable on Dataset A, where the median drug-level document is 487
wordpieces and the longest is 708,060: truncation at 256 wordpieces
therefore discards some text for 60.9 per cent of drugs, while TF-IDF
retains exact global term frequencies over the entire document. The
lexical and transformer pipelines consequently do not see the same
quantity of review text, and the comparison in Section 4 should be read
as a comparison under this constraint rather than as a comparison at
equal input coverage. We regard this as the principal internal limitation
of the study. It admits a direct remedy, namely encoding successive non-
overlapping windows and pooling them into a single drug-level repre-
sentation, and we identify that as the first priority for further work in
Section 5.7. Because the effect of truncation is to withhold evidence
from the transformer pipelines rather than from the lexical ones, it
cannot be invoked to explain away the lexical advantage in the opposite
direction; but it does mean the transformer results reported here are a
lower bound on what those architectures could achieve under full-
document encoding. Accordingly we therefore frame the central
conclusion conditionally on the drug-level aggregation and compute-
aware tuning regime, and we return to this point in the limitations
(Section 5.7).

3.5. Evaluation strategy

Internal validation on Dataset A. Internal model performance is
estimated using repeated K-Fold cross-validation with five folds and two
repeats. This produces ten train-test splits. For each split, models are
trained on the training folds and evaluated on the held-out fold. Pre-
dictions are aggregated into out-of-fold predictions across all drugs. This
yields a single internal estimate per model without training-set leakage.

External validation on Datasets B to E. External validation follows
a train-on-A, test-on-B to E design. Each model is trained using the full
Dataset A drug-level set, then evaluated on each external dataset. This
tests robustness to dataset shift in review style, drug coverage, and
rating distributions.

Metrics and reliability checks. Root mean squared error is the
primary metric because it penalises large errors on the 1-10 scale. Mean
absolute error and R? are reported to complement RMSE. Pearson cor-
relation and Spearman correlation are included to report association and
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Table 3
Calibration slope and intercept by pipeline and dataset.
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Model / Dataset Dataset A (internal OOF)

Dataset B

Dataset C Dataset D Dataset E

TF-IDF + SVR

TF-IDF + Ridge

SBERT + PCA + Ridge

SBERT + PCA + DNN

BioLinkBERT (frozen) + PCA + Ridge
BioGPT (frozen) + PCA + Ridge
ClinicalBERT (fine-tuned) regression

1.1601; —1.1966
1.0572; —0.4213
0.3259; 4.9941
3.1364; —15.5508
0.2221; 5.7347
0.2037; 5.8849
0.7986; 1.4255

0.8568; 1.0560
0.8118; 1.4009
0.1439; 6.2608
-12.9138; 102.0316
0.0711; 6.7841
0.0738; 6.7617
0.2702; 5.3136

0.5898; 3.0685
0.5321; 3.4772
0.1198; 6.5180
-17.8581; 138.4427
0.0301; 7.2402
0.0358; 7.1924
0.5061; 3.6728

0.8650; 0.9697
0.7908; 1.5250
0.2815; 5.2575
27.6551; —195.6246
0.2008; 5.8152
0.1856; 5.9361
0.4557; 3.9243

1.4668; —3.6192
1.3571; —2.7940
0.4980; 3.2357
1.6364; —5.2045
0.4227; 3.7683
0.3473; 4.2544
0.9758; —0.3805

Note. Each cell reports the calibration slope followed by the intercept, estimated by regressing observed drug-level targets on predicted values (Section 3.5). Perfect
calibration corresponds to a slope of 1.00 and an intercept of 0.00. Values are reported to four decimal places, consistent with Table 2.

rank consistency. Calibration slope and intercept are estimated using a
linear fit of observed outcomes against predictions. The fitted slopes and
intercepts are reported for every pipeline and every dataset in Table 3, in
place of per-dataset calibration plots, so that reliability can be compared
across datasets on a common numeric scale. These values support a
reliability assessment, especially under external shift.

In addition, model families are compared statistically using a paired
non-parametric test across datasets, as described in Section 4.6, with
effect sizes reported alongside p-values.

3.6. Model selection rationale

Model selection is based on predictive performance, reliability, and
practicality under the defined task and compute setting. Sparse lexical
models are treated as essential baselines because they capture
frequency-driven signals that are often strong in patient reviews.
Transformer models are evaluated under two settings. The first is frozen
encoders with simple regressors. The second is a compute-aware fine-
tuned ClinicalBERT baseline with a transparent learning-rate sweep and
early stopping. The primary model selected for deployment and dis-
cussion is TF-IDF with linear SVR because it provides the strongest
overall performance in the final benchmark across the internal and most
external evaluations, while remaining computationally manageable. TF-
IDF with Ridge is retained as a complementary baseline because it is
more interpretable and slightly better on one external dataset. Trans-
former results are interpreted in terms of performance under the chosen
aggregation and tuning regime, rather than as general claims about
transformer capability.

3.7. Ethical considerations

All datasets used in this study are publicly available and contain user-
generated reviews that are de-identified in the released sources. The
study does not attempt re-identification. No protected personal attri-
butes are inferred. The work therefore constitutes secondary analysis of
public text data.

3.8. Rationale for the portfolio of predictive approaches

Patient-generated drug reviews contain informal spelling, variable
length, and a mix of symptom description and evaluative language. TF-
IDF n-grams provide a strong and transparent representation for this
type of text because they preserve clinically meaningful surface forms
and sentiment-bearing phrases. Linear SVR and Ridge offer strong
baselines for sparse high-dimensional representations. Transformer-
based representations are included because they model contextual se-
mantics and can support domain adaptation through fine-tuning. Frozen
biomedical encoders provide a compute-aware baseline that isolates
representation effects from tuning effects. ClinicalBERT fine-tuning is
included to address fairness concerns by providing at least one properly
tuned transformer baseline, while keeping the tuning budget explicit
and reproducible.

3.9. Hyperparameter settings, training protocol, and reproducibility

Lexical models. TF-IDF uses word n-grams (1, 2), English stopword
removal, sublinear term frequency scaling, minimum document fre-
quency of 5, and maximum document frequency of 0.9. Linear SVR uses
C = 1.0, epsilon = 0.0, and a maximum iteration budget. Ridge uses a
fixed regularisation setting consistent with the benchmark scripts.

Embedding models. SBERT uses all-mpnet-base-v2 embeddings.
BioLinkBERT-large and BioGPT are used as frozen encoders with mean
pooling. For all embedding pipelines, PCA reduces vectors to 256 di-
mensions and the downstream regressor is Ridge. SBERT + DNN uses a
shallow regressor with dropout and early stopping based on validation
RMSE within each training fold.

ClinicalBERT fine-tuning protocol. ClinicalBERT is fine-tuned for
regression with weighted mean squared error. Drug-level documents are
processed using the sliding 256-wordpiece windowing described in
Section 3.4.1 rather than single-fragment truncation. A learning-rate
sweep is run over {le-5, 2e-5, 3e-5}. The selected learning rate, best
validation RMSE, maximum epochs, early stopping patience, batch size,
and weight decay are reported in the Table 2 footnotes. This disclosure is
included to address fairness and transparency concerns in the trans-
former comparison.

Determinism and run logging. All stochastic components use a
fixed random seed. The repeated K-Fold splits are reproducible. Model
outputs, summary metrics, and the selected ClinicalBERT learning rate
are saved to disk to support auditability. The analysis code and the
configuration files, including the fixed random seeds and the split def-
initions, are provided as supplementary material accompanying this
submission and are additionally available from the corresponding
author on reasonable request. They are not deposited in a public re-
pository. We therefore describe the benchmark as reproducible in the
specific sense that the code, the fixed seeds and the split definitions
required to regenerate the reported numbers are supplied with the
paper, while noting explicitly that no permanent public archive, such as
a versioned GitHub release or a Zenodo deposit, is currently associated
with the work; establishing one is planned for the published version
should the journal permit it.

4. Results

All models were evaluated at the drug level using Repeated K-Fold
cross-validation on Dataset A with five folds and two repeats, producing
ten out-of-fold evaluation splits. External validation was conducted by
training on the full Dataset A drug-level set and evaluating on Datasets
B, C, D, and E. Table 2 reports internal out-of-fold performance on
Dataset A and external validation on Datasets B-E using RMSE and MAE
as primary error measures, with R%, Pearson r, and Spearman p provided
to characterise explained variance and rank consistency at the drug
level. Because the unit of analysis is the medication, the number of drug-
level observations underlying each block of Table 2 is stated here as well
as in Table 1: the internal evaluation used 3671 drugs, and the external
evaluations used 541, 444, 610 and 3213 drugs for Datasets B, C, D and E
respectively. These counts should be borne in mind when the external
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metrics are compared, because estimates computed on a small number
of drugs are considerably less stable than those computed on a large one,
and the differences between model families on the smaller external sets
should accordingly be read as indicative rather than precise.

4.1. Internal validation on dataset A

4.1.1. Overall ranking and error levels

On Dataset A internal out-of-fold evaluation, the strongest perfor-
mance was achieved by the TF-IDF + Ridge baseline with RMSE
= 0.336, MAE = 0.244, and R? = 0.813. TF-IDF + Linear SVR was close
behind at RMSE = 0.373, MAE = 0.252, and R? = 0.769. These results
confirm that sparse lexical representations capture a large fraction of
between-drug variation in aggregated effectiveness ratings under in-
ternal validation. Transformer-based pipelines, evaluated under
compute-aware configurations, did not outperform the lexical baselines.
ClinicalBERT fine-tuning was the strongest transformer pipeline at
RMSE = 0.704 and R? = 0.177, while SBERT + PCA + Ridge reached
RMSE = 0.949 with negative explained variance. The frozen biomedical
encoders produced higher errors, with BioLinkBERT (frozen) +
PCA + Ridge at RMSE = 0.687 and BioGPT (frozen) + PCA + Ridge at
RMSE = 0.690. The SBERT + PCA + DNN pipeline performed worst
internally, reaching RMSE = 0.798, indicating that the non-linear head
did not recover the rating signal from SBERT embeddings in this setting.

4.1.2. Internal calibration behaviour

Internal calibration for Dataset A internal out-of-fold predictions is
reported in Table 3. For the lexical baselines, calibration slopes were
above 1, indicating that predictions were more concentrated than the
observed outcomes and therefore required a steeper mapping to match
the empirical scale. ClinicalBERT fine-tuning showed a calibration slope
closer to 1, suggesting comparatively better scale alignment under in-
ternal validation, although its overall accuracy remained below the best
lexical baseline. The corresponding slope and intercept values are given
in the Dataset A column of Table 3.

4.1.3. Representative prediction patterns

The scatter plots provide a direct view of prediction dispersion
relative to the identity line. TF-IDF + Ridge on Dataset A is shown in
Fig. 2, while ClinicalBERT fine-tuning is shown in Fig. 3. These plots are
presented as representative sparse and fine-tuned transformer pipelines.

10 1
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2 4 6 8 10
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Fig. 2. TF-IDF + Ridge scatter for Dataset A internal out-of-fold predictions.
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Fig. 3. ClinicalBERT fine-tuning scatter for Dataset A internal out-of-fold
predictions.

The primary ranking and selection are based on Table 2, which includes
both TF-IDF + Ridge and TF-IDF + Linear SVR.

4.2. External validation across datasets B to E

4.2.1. Dataset B

Dataset B is the only external corpus that shares no reviews with the
training data, and it therefore carries the primary weight in this
benchmark. The lexical baselines remained strongest: TF-IDF + Linear
SVR achieved RMSE = 0.436 with R?> = 0.308 and TF-IDF + Ridge
RMSE = 0.438 with R*> = 0.299. Every transformer pipeline was less
accurate, the closest being SBERT + PCA + DNN at RMSE = 0.526 and
ClinicalBERT fine-tuning at RMSE = 0.625, both with negative
explained variance. Calibration for Dataset B is reported in Table 3, and
the scatter plots for TF-IDF + Ridge and ClinicalBERT fine-tuning are
shown in Figs. 4 and 5, respectively.

4.2.2. Dataset C

Dataset C retains only 702 reviews across 444 medications after de-
duplication, a mean of 1.6 reviews per drug, so its targets are strongly
shrunk toward the prior and its target standard deviation is only 0.35
rating points; the results below should be read as indicative rather than
as a precise external estimate. TF-IDF + Linear SVR achieved the lowest
error at RMSE = 0.302 with R? = 0.238, and TF-IDF + Ridge RMSE
= 0.330. The SBERT Ridge pipeline performed substantially below the
lexical baselines, and the frozen biomedical encoders remained less
accurate than sparse lexical models. Calibration for Dataset C is reported
in Table 3. Scatter plots for TF-IDF + Ridge and ClinicalBERT fine-
tuning are provided in Figs. 6 and 7.

4.2.3. Dataset D

Dataset D retains 1950 reviews across 610 medications after de-
duplication and carries the same caveat as Dataset C. TF-IDF + Ridge
achieved RMSE = 0.366 with R*> =0.565 and TF-IDF + Linear SVR
RMSE = 0.372 with R? = 0.551. Transformer pipelines again under-
performed, the closest being ClinicalBERT fine-tuning at RMSE = 0.589.
We note that the very high explanatory power previously observed on
this dataset was an artefact of its near-complete overlap with the
training corpus. Calibration for Dataset D is reported in Table 3. Scatter
plots for TF-IDF + Ridge and ClinicalBERT fine-tuning are shown in
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Fig. 4. TF-IDF + Ridge scatter for Dataset B.
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Fig. 5. ClinicalBERT fine-tuning scatter for Dataset B. Fig. 6. TF-IDF + Ridge scatter for Dataset C.
Figs. 8 and 9. shown in Figs. 10 and 11.

4.2.4. Dataset E

Dataset E remains the largest external corpus after de-duplication,
with 3213 medications and 279,785 reviews, and it shows the highest
absolute error of the four. TF-IDF + Ridge achieved RMSE = 0.677 with
R? = 0.652 and TF-IDF + Linear SVR RMSE = 0.728 with R? = 0.597.
All transformer-based pipelines exhibited higher errors than the lexical
baselines in this setting. Calibration for Dataset E is reported in Table 3.
Scatter plots for TF-IDF + Ridge and ClinicalBERT fine-tuning are

4.2.5. Calibration slopes and intercepts across datasets

Calibration is treated in this benchmark as a reported quantity rather
than only as a visual diagnostic, because a model whose ranking of
medications is acceptable may still be unusable if its predictions sit on
the wrong numeric scale. Table 3 therefore tabulates the calibration
slope and intercept for every pipeline on every dataset, obtained from
the linear regression of observed drug-level targets on predicted values
described in Section 3.5; these values replace the five per-dataset
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Fig. 8. TF-IDF + Ridge scatter for Dataset D.

calibration plots carried in earlier versions of this manuscript, which
conveyed the same information graphically but could not be compared
precisely across datasets. A slope of one combined with an intercept of
zero denotes perfect calibration. Slopes above one indicate predictions
that are compressed relative to the observed outcomes and therefore
require expansion to match the empirical scale, slopes below one indi-
cate over-dispersed predictions, and a non-zero intercept indicates a
systematic offset in level. Reading across a row shows how the scale
alignment of a single pipeline degrades as it moves from internal vali-
dation to progressively more dissimilar external corpora, while reading
down a column shows how much of the difference between model
families on a given dataset is attributable to scale rather than to
ordering. Tabulating these values rather than presenting them only
graphically allows the two components of reliability, discrimination and
calibration, to be compared directly across the five datasets.
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Fig. 9. ClinicalBERT fine-tuning scatter for Dataset D.
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Fig. 10. TF-IDF + Ridge scatter for Dataset E.

4.2.6. Interpreting negative coefficients of determination under external
shift

Several transformer pipelines return strongly negative coefficients of
determination on the external datasets, the extreme cases being
SBERT + PCA + Ridge on Dataset B (R*> = —1.6357) and BioLinkBERT
(frozen) + PCA + Ridge on Dataset C (R?> = —64.1537). Because R? is
computed against the variance of the target in the dataset being evalu-
ated, a negative value states that the squared error of the pipeline ex-
ceeds that of the trivial predictor which returns the mean of that dataset
for every drug. Two properties of the present design make this outcome
easier to reach than the raw magnitudes suggest. First, the drug-level
target is a shrunken mean rather than an individual review rating, so
its dispersion is narrow: the target standard deviations implied by
Table 2, obtained as SD = RMSE / \/ (1 — R?) and mutually consistent
across all seven pipelines within each dataset, are approximately 0.76,
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Fig. 11. ClinicalBERT fine-tuning scatter for Dataset E.

0.51, 0.62, 0.77 and 1.15 rating points for Datasets A, B, C, D and E. The
narrowness of the Dataset B target is a direct consequence of that
dataset’s review-count distribution: its 541 drugs carry a median of
three reviews each and 174 of them carry only one, so for a typical drug
the shrinkage estimator assigns roughly three-quarters of the target
weight to the global prior and compresses the between-drug spread

Journal of Computational Science 101 (2026) 103017

accordingly. The mean predictor is therefore a demanding benchmark,
and on Dataset B an error of roughly 0.88 rating points, which is under
one point on a ten-point scale, is already sufficient to place R? below —2.
Second, R? and RMSE do not order the pipelines identically, because R?
is normalised by a dataset-specific denominator: SBERT + PCA + Ridge
attains a smaller absolute error on Dataset B (RMSE = 0.8841) than on
Dataset E (RMSE = 1.2714) yet a far worse R* (—2.0633 against
—0.2234), solely because the target variance of Dataset B is the smallest
of the five. These values should therefore be read as evidence that the
predicted scale is badly misaligned under shift, not as evidence that the
underlying association has collapsed, since the rank and linear associ-
ations remain positive though weak throughout (Pearson r between
approximately 0.18 and 0.46 for the affected pipelines). The mechanism
that produces this misalignment is examined in Section 5.4.

Table 4
Weight placed on the per-drug mean, n / (n + ), as a function of the shrinkage
strength « and the number of reviews n for a drug.

Reviews n a=>5 a=10 =20 o =50
1 0.167 0.091 0.048 0.020
3 0.375 0.231 0.130 0.057
10 0.667 0.500 0.333 0.167
30 0.857 0.750 0.600 0.375
100 0.952 0.909 0.833 0.667

Note. Values give the fraction of the stabilised target contributed by the drug’s
own mean; the complementary fraction is contributed by the global prior mean
po. The operating point a = 10.0 used throughout is shown in bold.
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4.3. Cross-dataset comparison and visual summary

Fig. 12 summarises RMSE across all datasets and model families, and
Fig. 13 summarises R% These plots show a consistent pattern in which
sparse lexical baselines dominate predictive accuracy across datasets,
while transformer-based approaches, including fine-tuned Clin-
icalBERT, do not surpass the best lexical baseline under the present
drug-level aggregation and compute-aware tuning protocol. Impor-
tantly, this conclusion is limited to the evaluated task and settings and
should not be interpreted as a general statement about transformer
performance in other formulations.

4.4. Summary of the observed pattern

Taken together, Tables 2 and 3 and Figs. 12-13 show a single
consistent pattern: the sparse lexical pipelines achieve the lowest error
in every evaluation setting, TF-IDF + Linear SVR is strongest in four of
the five and TF-IDF + Ridge is marginally best on Dataset B, and no
transformer pipeline matches either of them under this drug-level
formulation. Why this pattern arises, and what it does and does not li-
cense as a conclusion, is developed in Sections 5.1 and 5.2 and is not
anticipated here.

4.5. Sensitivity of the drug-level target to the shrinkage strength a

Because the shrinkage strength o directly shapes the drug-level target
and therefore the reported errors, we examined how the stabilised target
responds to this hyperparameter. The estimator interpolates between
the raw per-drug mean (o« — 0) and the global prior mean (o — o0) ac-
cording to the weight nd / (nd + ). Table 4 reports the proportion of
weight that the per-drug mean receives at representative review counts
for a range of a values. At the chosen value a = 10.0, drugs with very few
reviews are strongly regularised toward the global mean, while drugs
with abundant evidence are largely governed by their own data; smaller
values (a = 5) place more trust in sparse per-drug means, whereas larger
values (« = 20-50) impose heavier regularisation. Because the external
datasets are dominated by drugs with moderate-to-large review counts,
the ranking of model families is stable across this range: the per-drug
mean already dominates the target for well-supported drugs, so plau-
sible changes to a rescale the target only for the long tail of sparsely
reviewed drugs and do not alter the consistent advantage of the lexical
baselines. The value o = 10.0 was fixed before model fitting to avoid
tuning the target to favour any model family.

4.6. Statistical comparison of model families

To assess whether the observed accuracy advantage of the lexical
baselines is statistically supported rather than incidental, we compared
model families using a paired non-parametric test across the five eval-
uation settings (Dataset A internal out-of-fold plus the four external
datasets). For each setting we paired the best lexical RMSE (the lower of
TF-IDF + Linear SVR and TF-IDF + Ridge) against the best transformer
RMSE (the lowest across the five transformer pipelines) and applied a
one-sided Wilcoxon signed-rank test. The best lexical baseline achieved
lower RMSE than the best transformer pipeline in every setting, yielding
the smallest attainable p-value for five paired observations (W = 0,
p =0.031) and a matched-pairs rank-biserial effect size of 1.0 (the
corresponding two-sided value is p = 0.0625, which is the smallest two-
sided p-value obtainable with five pairs), indicating a uniform direction
of difference. The same comparison restricted to the deployed model and
the tuned transformer (TF-IDF + Linear SVR versus fine-tuned Clin-
icalBERT) gave an identical result (W = 0, p = 0.031). The practical
magnitude of the difference is also substantial: the median RMSE gap
between the best transformer and the best lexical model was approxi-
mately 0.31 rating points on the 1-10 scale (mean = 0.33), ranging from
about 0.18 on Dataset B to about 0.57 on Dataset D.
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These results should be read with appropriate caution. With only five
paired settings the test has limited statistical power and cannot detect
small or setting-specific effects, and multiple-comparison correction is
not required here because a single pre-specified family-level comparison
was performed. More importantly, because p = 0.031 is the smallest
value the test can return with five pairs, any uniformly consistent di-
rection of difference would have produced exactly this p-value irre-
spective of the magnitude of the gap. The test therefore certifies the
consistency of the direction of the difference and nothing further; it
carries no information about effect size beyond the RMSE gaps already
reported in Table 2, and it is presented throughout the manuscript as a
subordinate caveat to the descriptive evidence rather than as confir-
mation of it. We therefore report the p-values alongside the effect size
and the absolute RMSE differences, and we treat the statistical result as
corroborating, rather than replacing, the descriptive evidence in Table 2
and Figs. 12-13.

5. Discussion
5.1. Lexical baselines remain strongest under drug-level aggregation

Across internal validation and external testing, the results show that
sparse lexical representations provide the most accurate and stable es-
timates of drug-level effectiveness in this benchmark. The strongest
overall performer is the TF-IDF model paired with linear support vector
regression. It achieves the lowest error on Dataset A internal out-of-fold
evaluation and remains best on Datasets C, D, and E. TF-IDF with Ridge
regression is consistently competitive and slightly better on Dataset B.
This pattern suggests that, when the prediction target is an aggregated
drug-level rating, a large fraction of the predictive signal is captured by
surface lexical cues and their frequency patterns.

A plausible explanation is that patient reviews often contain explicit
evaluative phrases and symptom-outcome statements that align directly
with perceived effectiveness. Under drug-level aggregation, concate-
nating multiple reviews further amplifies recurring phrases and stabil-
ises term frequency statistics, which benefits TF-IDF representations. In
contrast to settings that require modelling long-range clinical reasoning,
this task appears more dependent on the distribution of sentiment-
bearing and outcome-bearing expressions that are readily represented
by n-grams. These findings support the continued relevance of sparse
text features in patient-generated review modelling when the objective
is a continuous rating estimate at the drug level.

5.2. Transformer performance under compute-aware settings

Transformer-based pipelines did not exceed the best lexical baseline
under the present task formulation and compute budget. Frozen trans-
former encoders, including SBERT and biomedical models used as
feature extractors, show consistently higher error than TF-IDF baselines
across datasets. ClinicalBERT fine-tuning improves over frozen
biomedical encoders and yields competitive internal performance rela-
tive to other transformer pipelines. However, it remains below the TF-
IDF baselines in both internal and external evaluation. This is consis-
tent with recent benchmarking work showing that transformer and large
language model advantages are conditional on customisation, tuning
depth, and task design rather than guaranteed by architecture (Shatnawi
and Alsobeh, 2025; [8]).

This outcome should be interpreted in context. The transformer
models are evaluated under a compute-aware design that emphasises
reproducibility and a limited tuning budget. In this regime, the fine-
tuned ClinicalBERT baseline demonstrates that transformer tuning was
attempted in a principled way, including a learning-rate sweep and early
stopping, but it does not overturn the conclusion that lexical baselines
are strongest for this drug-level prediction task. These results do not
imply that transformers are ineffective in general. Rather, they indicate
that for aggregated effectiveness ratings derived from short, opinion-
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heavy narratives, the advantage of contextual representation learning is
not realised under the present modelling choices and tuning constraints.

5.3. Transfer behaviour and dataset shift

External validation shows that lexical baselines generalise well, but
the magnitude of transfer varies across datasets. Dataset D exhibits
strong alignment with the training distribution, with very high
explained variance for the TF-IDF models, indicating that the lexical
signal learned on Dataset A is highly portable to this test set. In contrast,
Dataset E is more challenging, with higher absolute error for all models.
The external comparison itself must be read in the light of the corpus
overlap documented in Section 3.1. Datasets C and D were found to
consist almost entirely of reviews already present in the training corpus,
and the strong external performance previously attributed to them was
in substantial part a measurement of training data. After de-duplication
they are small remnants rather than independent corpora. Dataset B,
which shares no reviews with the training data, is the only clean external
test in the benchmark, and it is therefore significant that the ordering of
model families there is the same as everywhere else. Part of this diffi-
culty is plausibly attributable to a difference in the rating construct
rather than to vocabulary alone. As noted in Section 3.1, the DrugRev
release from which Dataset E is drawn is documented as a corpus of
customer reviews on drug purchasing and satisfaction, so its ratings may
incorporate components of the purchasing and supply experience that
no model trained on effectiveness-oriented reviews can recover from
review text. Dataset E is therefore best read as a construct-shift stress
test, and its absolute error levels should not be placed on the same
footing as those of Datasets B to D when the portability of a pipeline is
judged; the fact that the lexical baselines retain a clear advantage even
in this setting is the more informative observation. Dataset B also shows
reduced performance relative to internal evaluation, consistent with a
cross-corpus shift in vocabulary and rating conventions. Notably, TF-IDF
with Ridge performs slightly better than TF-IDF with SVR on Dataset B,
which suggests that the regularisation behaviour of Ridge can some-
times be more robust under certain forms of shift, even when SVR is
strongest overall.

The calibration plots provide additional insight into transfer
behaviour. The values tabulated in Table 3 make this pattern explicit
across all five datasets and allow the degree of scale drift to be compared
directly between model families. On several datasets, the slope and
intercept indicate systematic shrinkage toward the mean. This is ex-
pected when regularised models are trained on aggregated labels and
evaluated under distribution shift. Calibration results therefore support
an important practical point. Even when a model’s rank association
remains acceptable, its numeric scale may drift under external deploy-
ment. This reinforces the value of reporting both predictive accuracy
and calibration diagnostics in this domain.

5.4. Explaining the absence of a transformer advantage under drug-level
aggregation

Several factors may explain why transformer pipelines do not
outperform sparse lexical baselines in this benchmark. First, the unit of
analysis is the drug rather than the review. Aggregation reduces vari-
ance in individual review sentiment and compresses information into a
document that is effectively a bag of recurring phrases, which is well
matched to TF-IDF. Second, the target is a bounded numeric rating
where the mapping from language to score may be driven more by
explicit evaluative expressions than by subtle discourse structure. Third,
frozen embeddings and modest fine-tuning budgets may not be suffi-
cient to adapt transformer representations to a regression target that is
strongly influenced by frequency cues. In this setting, the lexical models
can exploit stable word and phrase usage patterns without learning a
new representation.

A dedicated explanation is warranted for the pipelines whose
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external R? falls substantially below zero, because a model that is out-
performed by the mean of its own test set is qualitatively different from
one that is merely less accurate. The pattern is confined to the
embedding-based pipelines, and its mechanism is a shift in the predicted
scale rather than a loss of ordering. Each embedding pipeline is a
composition of three components estimated on Dataset A: the encoder,
which is frozen; the PCA basis; and the Ridge or neural regressor. The
PCA basis is fitted to the embedding distribution of Dataset A, so under
shift the retained subspace is no longer guaranteed to span the directions
along which the external embeddings actually vary, and the external
points are projected onto a basis that was optimal elsewhere. The re-
gressor then maps those components with coefficients and an intercept
calibrated to the target mean and spread of Dataset A. The result is a
prediction distribution whose location and scale are inherited from the
training corpus, which appears in Table 3 as an intercept offset com-
bined with a slope far from unity. Under the squared-error decomposi-
tion this offset enters as a squared bias term that the residual
discriminative ability of the model does not reduce, and it is evaluated
against the narrow target variance documented in Section 4.2.6, which
is why a sub-point absolute error can translate into an R? below —2. The
sparse lexical pipelines are comparatively protected from this failure
because their features are the words themselves: an evaluative n-gram
retains its learned coefficient in any corpus that uses the same vocabu-
lary, so the mapping from features to the rating scale transfers even
when the corpus does not. Frozen contextual embeddings offer no
comparable anchor, since the coordinates of the embedding space bear
no fixed relationship to the rating scale once the input distribution
changes. This also explains why fine-tuned ClinicalBERT, which adapts
its representation to the target instead of inheriting a fixed one, is among
the least affected of the transformer pipelines on Datasets B and D (R? =
—0.5613 and —0.0267) even though its absolute error remains above the
lexical baselines throughout. The practical implication is that a strongly
negative external R? in this setting should prompt recalibration of the
predicted scale before it is read as an absence of transferable signal.

The scatter plots for TF-IDF with Ridge and ClinicalBERT fine-tuning
further illustrate these differences. The TF-IDF model shows a tighter
relationship to the identity line across multiple datasets, while Clin-
icalBERT fine-tuning exhibits wider dispersion under external shift. This
pattern is consistent with the table-level metrics and supports the
conclusion that, under these settings, sparse lexical models provide the
most reliable drug-level estimates.

5.5. Methodological implications for fair benchmarking

A central concern raised during review was fairness in comparing
lexical models with transformers. The revised benchmark addresses this
by implementing a properly fine-tuned transformer baseline and doc-
umenting the tuning protocol. ClinicalBERT was fine-tuned using a
learning-rate sweep over a small set of candidates, with early stopping
and clear reporting of the chosen configuration. This reduces the risk
that transformer underperformance is purely an artefact of inadequate
optimisation. In addition, to ensure that the comparison does not hinge
on unequal access to text, the transformer pipelines encode the full
aggregated drug-level document through truncation at 256 wordpieces
(Section 3.4.1) that are mean-pooled into a single drug-level represen-
tation (Section 3.4.1), rather than reading only the first fragment of each
document. This narrows the information gap relative to TF-IDF, which
retains global term-frequency statistics over the whole document. Even
with these additions, lexical baselines remain superior in this
benchmark.

At the same time, the results highlight a broader benchmarking
lesson. When model families receive different forms of preprocessing,
comparisons can become biased. The final pipeline therefore separates
preprocessing for lexical and transformer inputs. TF-IDF uses stronger
normalisation suited to n-gram features, while transformer input is
minimally processed to preserve punctuation and casing. This choice
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supports a fairer evaluation and improves confidence that the observed
performance differences reflect modelling behaviour rather than pre-
processing artefacts.

5.6. Practical implications

From a practical standpoint, sparse lexical models remain attractive
for drug-level effectiveness estimation because they combine strong
predictive performance with low computational cost and straightfor-
ward auditability. TF-IDF models can be trained quickly and can be
interpreted through feature contributions, which supports transparent
error analysis and model governance. For settings where compute re-
sources are constrained or rapid retraining is required, these models
provide a dependable baseline.

Transformer pipelines, including fine-tuned ClinicalBERT, may still
be valuable in scenarios where additional context is available, where
review-level prediction is needed, or where the task requires deeper
semantic inference. However, for the specific objective studied here, the
empirical evidence supports the deployment of lexical baselines as the
primary choice, with calibration monitoring when transferring to new
datasets.

5.7. Limitations and future work

This study has several limitations that motivate future work. First,
the modelling task is defined at the drug level, which is appropriate for
producing drug-level effectiveness estimates, but it may obscure clini-
cally relevant variability across patients and indications. Future research
could evaluate multi-task or hierarchical formulations that preserve
within-drug heterogeneity while still allowing drug-level summa-
risation. Second, although a fine-tuned transformer baseline was
included, the tuning budget remained intentionally limited for repro-
ducibility. More extensive tuning, alternative architectures, or domain-
adaptive pretraining on review corpora may narrow the gap. Third,
although the sliding-window encoding equalises the body of text seen by
each model family, a residual asymmetry remains because long docu-
ments are summarised by averaging window representations, whereas
TF-IDF retains exact global term frequencies; loss functions and pooling
strategies designed specifically for long aggregated documents are a
natural direction for future work. Finally, the datasets may differ in
rating conventions and review composition. Additional work that
quantifies and models dataset shift explicitly would strengthen deploy-
ment guidance. Three further limitations follow from the design choices
documented above. The most consequential limitation concerns the
composition of the external corpora. Three of the four were found to
overlap the training data, two of them almost completely, and the
benchmark therefore rests on a single fully independent external dataset
of 541 medications together with a large partially independent one. A
stronger evaluation would assemble external corpora verified as disjoint
from the training data at the point of collection. We also note that most
medications in the external corpora also appear in the training data; this
is intrinsic to drug-level prediction rather than a defect of the present
design, but it means the external results measure generalisation to new
reviews of largely known medications rather than to unseen medica-
tions. The most important of these is the input-coverage asymmetry
described in Section 3.4.1: the transformer pipelines were given only the
first 256 wordpieces of each drug-level document while the lexical
pipelines were given the whole of it. Re-running the transformer arms
with successive non-overlapping windows pooled into a single drug-
level representation is the single change most likely to alter the com-
parison reported here, and it is the first priority for subsequent work.
The retained dimensionality of the PCA stage was fixed a priori at 256
components for every embedding pipeline rather than tuned, so the
embedding results are conditional on that choice, and a systematic
sensitivity analysis over the retained dimensionality would establish
whether any transformer pipeline is materially handicapped by it. The
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external datasets also differ in the number of drug-level observations
available, so estimates computed on the smaller drug sets are corre-
spondingly less precise and Table 1 should be consulted alongside
Table 2 when the external evidence is weighed. Finally, Dataset E differs
from the remaining corpora not only in vocabulary and drug coverage
but in the construct that its rating measures, and results for that dataset
should be interpreted as evidence about transfer under construct shift
rather than as a like-for-like external replication.

Overall, the revised benchmark provides a consistent and repro-
ducible evaluation under drug-level aggregation. It shows that TF-IDF
baselines remain the most accurate and reliable under the present task
definition and compute-aware tuning regime, while transformer pipe-
lines, including a transparently fine-tuned ClinicalBERT baseline, do not
provide a consistent advantage. The results emphasise that performance
should be judged not by model class alone, but by the fit between task
formulation, data characteristics, and the resources available for opti-
misation and validation.

6. Conclusion

This study conducted a quantitative benchmark of natural language
processing pipelines for predicting drug-level patient-reported medica-
tion effectiveness from large-scale review corpora. The evaluation was
designed to address both internal validity and external generalisation.
Models were assessed using repeated K-Fold cross-validation on Dataset
A with out-of-fold predictions, followed by external validation on in-
dependent datasets. The benchmark compared seven pipelines spanning
sparse lexical baselines, embedding-based approaches using frozen
transformers, and a compute-aware fine-tuned transformer baseline
with a transparent learning-rate sweep and early stopping. This design
provides a reproducible and fair comparison under a consistent drug-
level task formulation. Across internal and external experiments,
sparse lexical TF-IDF models were the most reliable performers. The best
overall results were achieved by TF-IDF with linear support vector
regression, which produced the lowest error on internal out-of-fold
evaluation and remained the strongest model on most external data-
sets. TF-IDF with Ridge regression was consistently competitive and
slightly better on one external dataset, supporting its role as a stable
reference baseline. These findings indicate that, for drug-level effec-
tiveness prediction derived from aggregated patient reviews, the
dominant predictive signal is largely captured by frequency-based lex-
ical patterns that map directly to numeric ratings.

Transformer-based approaches did not outperform the best lexical
baseline under the present settings. Frozen encoders, including SBERT
and biomedical models used as feature extractors, yielded higher error
across datasets, indicating limited alignment between generic semantic
representations and the rating prediction objective. ClinicalBERT fine-
tuning improved over frozen transformer variants and demonstrated
that a tuned transformer baseline was evaluated under a documented
protocol. The lexical advantage was consistent in direction across all five
evaluation settings and practically meaningful, with a median RMSE gap
of 0.19 rating points, and it held on Dataset B, the only external corpus
that shares no reviews with the training data. The accompanying paired
non-parametric test (Wilcoxon signed-rank, p = 0.031) is reported as a
supporting caveat rather than as confirmation, since with five pairs this
is the minimum attainable p-value and would arise from any uniformly
consistent difference regardless of its size. However, it did not exceed
the lexical baselines, particularly under external shift. This outcome
should be interpreted carefully. It does not imply that transformer
models are ineffective in general. Instead, it suggests that under drug-
level aggregation, a bounded rating target, and a compute-aware tun-
ing regime, transformer models do not provide a consistent advantage
over well-tuned lexical baselines.

Several practical implications follow from these results. First, strong
performance from TF-IDF models supports their use in scalable moni-
toring settings where fast iteration, auditability, and modest compute



D. Al-Turkey et al.

requirements are important. Second, the external results and calibration
diagnostics show that predictive accuracy alone is insufficient for
deployment. Even when discrimination is strong, numeric drift can
occur under dataset shift. Reporting calibration alongside error metrics
therefore provides a more complete view of reliability. Third, the
benchmark highlights the importance of aligning preprocessing and
optimisation budgets across model families to support fair comparisons,
which was a key concern raised during review.

The study has limitations that motivate future research. The analysis
is performed at drug level, which supports drug-level comparison but
may obscure within-drug variability across patient subgroups and in-
dications. Future work should examine hierarchical or multi-level for-
mulations that preserve within-drug heterogeneity while still producing
stable drug-level summaries. In addition, transformer fine-tuning was
conducted under a deliberately bounded tuning budget to maintain
reproducibility. Larger tuning budgets, alternative architectures,
domain-adaptive pretraining on review corpora, or loss functions
designed for rating prediction may reduce the performance gap in future
studies. Finally, the datasets are derived from public English-language
sources and may not reflect multilingual expression or culturally spe-
cific reporting styles.

In conclusion, this benchmark provides evidence that well-tuned TF-
IDF models remain strong baselines for drug-level effectiveness predic-
tion from patient reviews, even when compared with frozen biomedical
encoders and a transparently fine-tuned ClinicalBERT baseline. The
study contributes a reproducible evaluation framework that emphasises
internal validity, external generalisation, and reliability diagnostics. The
central implication is that model choice in patient-centred prediction
should be driven by task formulation, validation design, and empirical
performance, rather than by architectural complexity alone.
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