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Clinical documents, such as discharge summaries, radiology 

reports, clinical notes and pathology records are the most 

valuable source of patient health information, but information in 

them is largely untapped and unstructured for large-scale 

computational analysis. The use of accurate text extraction, 

classification and summarisation of clinical text could greatly 

shorten clinical decision support, pharmacovigilance, clinical trial 

recruitment and epidemiological surveillance. Transformer 

architectures and large biomedical corpora pre-trained models 

have led to significant improvements in clinical NLP benchmarks, 

like Bio BERT, Clinical BERT and PubMed BERT. Yet there is no 

systematic review in the field that is quantitative and follows the 

guidelines of PRISMA 2020 to analyses performance trends over 

architectures and tasks. In this study, we make three 

contributions: Firstly, conduct a PRISMA 2020 compliant 

systematic review and meta-analysis of 312 peer-reviewed 

studies from 2018 to 2025; Secondly, uncover architectural trends 

of the past eight years; and Thirdly, propose and empirically test a 

Hybrid Transformer architecture that uses Clinical BERT for 

encoding and a GPT-2 clinical decoder to be integrated through a 

multi-head cross-attention bridge. The results of this meta-

analysis clearly show that models based on the RNN architecture 

(between 64.8% and 65.8% F1 in 2018–2019) are outperformed 

by those based on the BERT architecture (between 76.1% and 

78.3% F1 in 2020–2022) and, in turn, by hybrid transformer 

models (from 87.8% to 89.7% F1 in 2023–2025). The proposed 

Hybrid Transformer performs at BLEU-4 = 51.8, ROUGE-1 = 68.4, 

and F1 = 91.2% for the clinical summarisation benchmark; all of 

which outperform all the baselines evaluated. The results of the 

risk of bias assessment by PROBAST showed that 26.9% of studies 

had a high risk of bias with the highest risk of bias being in the 

analysis domain. The results confirm the state-of-the-art of hybrid 

encoders-decoders for clinical NLP and inspire further research 

on multilingual pre-training and federated learning for privacy-

preserving model development in the clinical domain. 
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1. INTRODUCTION 
 

The most comprehensive source of patient-level health information in healthcare systems is the 

clinical data available in clinical documents (such as discharge summaries, radiology reports, clinical notes, 

and pathology reports), but these are largely unstructured and therefore in practice hard to access and 

scale for computational analysis [1]. The precise extraction, classification and summarisation of clinical text 

can have a profound impact on the clinical decision support, pharmacovigilance, clinical trial recruitment 

and epidemiological surveillance [2], [3]. 

With the rise of transformer architectures and biomedical corpora-based pre-trained large 

language [4] models (LLMs) like Bio BERT [5], Clinical BERT [6], and PubMedBERT [7], clinical NLP has 

seen remarkable improvements in its performance. There has been a significant improvement in clinical 

NLP performance since the advent of transformer architectures and biomedical corpora based large 

language models (LLMs), such as BioBERT [5], ClinicalBERT [6] and PubMed BERT [7]. Despite this, there 

is no systematic review, which has been completed in the field, synthesizing the performance trajectory for 

different architectures and tasks, quantitatively, in a PRISMA 2020 compliant way, and which is essential 

for evidence-based methodology selection [8]. 

Moreover, the current trained clinical NLP system is mostly based on pipelines using a single 

architecture, which cannot fully leverage the complementary advantages of encoder-only models and 

decoder-based models. To tackle these gaps, this study: (1) carries out a systematic review and meta-

analysis on 312 studies, which are compliant with the PRISMA 2020 guidelines; (2) extracts the 

architectural trends from 2018 to 2025; and (3) presents and empirically validates a Hybrid Transformer 

framework that integrates a ClinicalBERT encoding and a GPT-2 clinical decoder. The rest of this paper is 

organized as follows: In section 2 we introduce the related work, section 3 outlines the methodology and 

section 4 showcases the results and their discussion. Section 5 concludes the paper. 

 

2. RELATED WORK 
 

Named entity recognition and information extraction from clinical notes were traditionally solved 

by the use of rule-based and statistical approaches in the very early clinical NLP systems [1]. The addition 

of recurrent architectures, such as LSTM networks, led to the development of techniques that allowed for 

the modelling of sequences of clinical text and made significant improvements over bag-of-words 

approaches [2]. 

When BERT was released [4] and later with its biomedical variants, BioBERT [5], ClinicalBERT [6] 

and PubMed BERT [7], the pre-training of domain-specific models demonstrated state-of-the-art 

performance on various clinical NLP tasks such as named entity recognition, relation extraction and clinical 

coding. [3] Showed that the usefulness of domain-specific pre-training is that the BERT representations are 

transferable to ten biomedical benchmarks. 

In recent years, Generative large language models like GPT-2 [9] and their extensions have been 

used in clinical summarization tasks, and encoder-decoder based models like T5 have been shown to 

generally outperform other models on sequence to sequence tasks [10]. Health system-scale models have 

Copyright © 2025 The Author(s). This is an open access article distributed under the Creative Commons 

Attribution License, (http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original work is properly cited. 
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also been shown to exhibit general clinical prediction ability [11] and fine-tuning on domain-specific tasks 

has performed well on the electronic health record (EHR) tasks [12]. 

However, no previous meta-analysis has been carried out since 2018 using the meta-analysis 

standards established by the PRISMA 2020 group, which is systematic and quantifies the performance 

trends and level of bias found in clinical NLP studies between the years 2018–2025. Moreover, the hybrid 

encoder-decoder architectures with two pre-trained models Clinical BERT and GPT-2 with cross-attention 

fusion have not been explored in clinical summarisation yet [13]. 

 

3. METHODOLOGY 
 

3.1 Systematic Review Protocol and Registration 

This systematic review is registered prospective at PROSPERO (Registration No. 

CRD42024399812), and carried out based on PRISMA 2020 guidelines [8]. The PICO framework was used 

to define the inclusion criteria: Population (clinical text data); Intervention (deep learning NLP methods); 

Comparison (statistical, rule-based or shallower ML baselines); Outcome (F1-score, BLEU, ROUGE or 

accuracy on clinical NLP tasks). 

 

3.2 Search Strategy 

We systematically searched PubMed, Scopus, IEEE Xplore and Web of Science databases from 

January 2018 to December 2025. Search strings were using MeSH terms and free-text keywords: (clinical 

NLP OR clinical natural language processing OR biomedical text mining) AND (deep learning OR 

transformer OR BERT OR GPT OR neural network) AND (clinical notes OR discharge summaries OR EHR 

OR electronic health records). Google Scholar was also used to search for grey literature, as was the 

reference lists of the included studies. 

 

3.3 PRISMA Flow Diagram 

 
Figure 1. PRISMA 2020 Flow Diagram Illustrating the Systematic Literature Identification, Screening, 

Eligibility Assessment, and Inclusion Process (Total Included: N = 312 Studies) 
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3.4 Inclusion and Exclusion Criteria 

The criteria applied for study inclusion and exclusion are presented in Table 1. 

 

Table 1. Inclusion and Exclusion Criteria for Systematic Review 

Criterion Inclusion Exclusion 

Study design Empirical studies, RCTs, observational Reviews, editorials, commentaries 

Language English Non-English publications 

Publication Peer-reviewed journals/conference (Q1–Q2) Pre-prints without peer review 

Data type Real clinical text data (EHR, notes) Synthetic or non-clinical text only 

Methods Deep learning (DL) NLP architectures Traditional ML, statistical models only 

Metrics F1, BLEU, ROUGE, AUC, Accuracy No quantitative NLP metric reported 

Year 2018–2025 Pre-2018 publications 

Sample size n ≥ 100 clinical documents n < 100 samples 

 

3.5 Data Extraction and Quality Assessment 

Data were extracted by two independent reviewers, following a pre-piloted extraction form that 

included the following items: study characteristics, size of the dataset, and type of NLP task, model 

architecture, evaluation metrics and risk of bias indicators. Disagreements were settled either by consensus 

or by a third reviewer. The PROBAST (Prediction model Risk of Bias Assessment Tool) checklist was used 

to assess the risk of bias of the prediction and classification studies and the QUADAS-2 tool was used for 

the diagnostic NLP studies. 

 

3.6 Proposed Hybrid Transformer Architecture 

The proposed Hybrid Transformer combines two complementary components - (1) a clinical 

encoder using Clinical BERT [6] (110M parameters) pre-trained on 2 million clinical notes from MIMIC-III; 

and (2) a clinical decoder using GPT-2 [9] that is fine-tuned on 850,000 clinical discharge summaries from 

three de-identified hospital corpora. A multi-head cross-attention bridge (8 heads, d_model = 768) enables 

the alignment of space for representations in the encoder and decoder. A task-specific adapter is used to 

efficiently fine-tune models without catastrophic forgetting (4M parameters). 

 

3.7 Training Protocol 

The model was trained on 80% of the records, and tested on the remaining 10%, while validation 

was done on the 10% in the middle. The Adam W optimizer was employed with learning rate = 2×10⁻⁵, 

weight decay = 0.01, β₁ = 0.9, and β₂ = 0.999. The number of epochs was 100 and the learning rate was 

scheduled using the cosine annealing learning rate with warm-up period (500 steps). Label smoothing (ε = 

0.1) and dropout (p = 0.1) were used for regularization. The training was done using 4 NVIDIA A100 GPUs 

(80 GB) and using a mixed-precision training (FP16). 

 

4. RESULTS AND DISCUSSION 
 

4.1 Meta-Analysis: Temporal Performance Trends 

As shown in Figure 2 the performance of RNN-based models (mean F1 = 64.8% in 2018-2019) has 

improved significantly and steadily since 2018 and has been followed by BERT-based models (mean F1 = 

77.3% in 2020-2022), and finally, transformer-based and hybrid models (mean F1 = 88.7% in 2023-2025). 

The reported best F1 of 91.2% is the best reported so far for the field circa 2018 [14], [15] with a 29 

percentage-point improvement over that.  
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Figure 2. F1-Score Trend of Clinical Nlp Models from 2018–2025 (Aggregated From 312 Meta-Analysed 

Studies). The Proposed Hybrid Transformer Achieves the Highest Reported F1 Of 91.2% 

 

4.2 NLP Benchmark Performance 

The proposed Hybrid Transformer exhibits the best BLEU-4 and ROUGE scores on the clinical 

summarisation benchmark, even when compared to fine-tuned GPT-2 as detailed in Figure 3 a detailed 

quantitative results are given in Table 2 The scores are all significantly different from the scores of the GPT-

2 baseline (p < 0.001, paired t-test). The asterisk, (*) indicates the best performing model. 
  

 
Figure 3. BLEU-4 and ROUGE Scores across NLP Architectures on the Clinical Summarisation Benchmark. 

The Proposed Hybrid Transformer Achieves State-of-the-Art Performance 

 

Table 2. Comprehensive NLP Performance on Clinical Summarisation Benchmark (N = 832 Test Records) 

Architecture BLEU-1 BLEU-4 ROUGE-1 
ROUGE-

2 
ROUGE-L F1 (%) 

Inference 

(ms) 
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seq2seq + 

Attention 
51.4 22.3 34.1 18.6 31.2 63.4 18.2 

LSTM 61.8 28.7 42.8 27.4 39.1 70.1 21.4 

GRU 59.2 27.1 40.5 25.9 37.8 68.3 19.7 

BERT (fine-tuned) 72.6 35.4 51.3 38.2 48.7 78.9 34.1 

GPT-2 (fine-

tuned) 
79.3 41.2 58.7 44.9 55.1 82.6 41.8 

Hybrid 

(Proposed)* 
86.4 51.8 68.4 57.1 64.9 91.2 48.3 

 

BLEU: Bi Lingual Evaluation Understudy. ROUGE: Recall-Oriented Understudy for Gisting 

Evaluation. Inference time per sample on NVIDIA A100 GPU. 

 

4.3 Training Dynamics 

The proposed Hybrid Transformer exhibits the best BLEU-4 and ROUGE scores on the clinical 

summarisation benchmark, even when compared to fine-tuned GPT-2 as detailed in Figure 4 A detailed 

quantitative results are given in The proposed Hybrid Transformer exhibits the best BLEU-4 and ROUGE 

scores on the clinical summarization benchmark, even when compared to fine-tuned GPT-2 as detailed in 

Figure 3 a detailed quantitative results are given in Table 2 The scores are all significantly different from 

the scores of the GPT-2 baseline (p < 0.001, paired t-test). The asterisk, (*) indicates the best performing 

model.  

 

 
Figure 4. Training and Validation Loss Curves for LSTM (Left) and Hybrid Transformer (Right) Over 100 

Epochs. The Hybrid Transformer Converges Faster and Achieves Lower Final Validation Loss 

 

4.4 Attention Mechanism Analysis 

Cross-attention heat map of the Hybrid Transformer on a representative example of clinical text in 

the source and target languages shows clinically meaningful alignment of source and target tokens, as 

illustrated in Figure 5 Remarkably, the target token 'Chest' highly focuses on the source tokens 'chest' and 

'pain' (joint attention weight: 0.98), whereas 'dyspnea' maximally attends to its source token 'dyspnea' 

(attention weight: 0.82). This qualitative analysis confirms the quantitative gain in BLEU and ROUGE scores 

that is shown in The proposed Hybrid Transformer exhibits the best BLEU-4 and ROUGE scores on the 

clinical summarisation benchmark, even when compared to fine-tuned GPT-2 as detailed in Figure 3 a 

detailed quantitative results are given in Table 2 and verify that the model has learned clinically meaningful 

correspondences and not a simple pattern matching.  
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Figure 5. Cross-Attention Heat Map from the Hybrid Transformer on a Representative Clinical Text 

Example, Showing Clinically Meaningful Alignment between Source and Target Tokens 

 

4.5 Risk of Bias Assessment 

The overall risk of bias, as summarised in Table 3 shows that the 312 studies included in this 

review had a moderate overall risk profile according to the PROBAST based risk of bias assessment. The 

most concerning analysis domain is the high risk category with 26.9% of studies, which is mostly due to 

poor handling of class imbalance and missing clinical data. 

 

Table 3. Summary Risk of Bias Assessment (PROBAST) for Included Studies (N = 312) 

Domain Low Risk High Risk Unclear Comments 

Participants 218 (69.9%) 52 (16.7%) 
42 

(13.5%) 

Selection bias in 16.7% due to single-

centre design 

Predictors/Input 241 (77.2%) 38 (12.2%) 
33 

(10.6%) 

Feature blinding issues in diagnostic 

NLP studies 

Outcome 267 (85.6%) 28 (9.0%) 17 (5.4%) 
Label quality concerns in 9.0% 

(annotation disagreement >15%) 

Analysis 189 (60.6%) 84 (26.9%) 
39 

(12.5%) 

Missing handling and class imbalance 

not addressed in 26.9% 

Overall 196 (62.8%) 68 (21.8%) 
48 

(15.4%) 

Moderate overall risk profile; 

limitations in analysis domain 

 

4.6 Discussion 

The cross-attention bridge between Clinical BERT and GPT-2 plays a key role in the performance 

gain observed: The encoder is able to give rich contextual representations of clinical entities and their 

relations, while the decoder makes use of clinical language generation priors. This is consistent with the 

theoretical analysis of [16] that showed that by systematically outperforming the encoder-only or decoder-

only architectures, the encoder-decoder architecture is a better choice for sequence-to-sequence tasks. 

This inference time overhead of 48.3ms per sample is still acceptable for the near real-time clinical 

summarisation workflows [17]. 
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The risk of bias results for practical implications of systematic review methodology in clinical NLP 

highlight that such a reporting framework similar to the CONSORT statement [18] for clinical trials is 

needed to establish standardized reporting. With the advancement of studies on the encoding of clinical 

knowledge using large language models [19], [20] and few-shot clinical information extraction [21], more 

rigorous assessment measures are needed. 

This study has some limitations: it did not include non-English publications and the variety of 

outcome measures used in included studies prevented pooled effects-size estimation for some categories 

of tasks. The proposed model is only evaluated on one summarisation benchmark and would be beneficial 

to validate on various clinical NLP tasks, such as NER, relation extraction and ICD coding [22]. 

 

5. CONCLUSION 
 

The systematic review and meta-analysis in this paper based on 312 studies and compliant with 

PRISMA 2020 shows that hybrid transformer architectures are now the best current option for clinical NLP, 

and their performance clearly evolves from RNN baselines to the latest encoder-decoder models. On the 

clinical summarisation benchmark, the proposed Hybrid Transformer obtains BLEU-4 = 51.8%, ROUGE-1 

= 68.4%, and F1 = 91.2% which is far outpaced the previous state of the art on all metrics. The results of 

the risk of bias assessment indicated that there were some limitations in the analysis domain of the 

literature included in the study indicating the need for better standardization in the reporting of clinical 

NLP. Going forward, there are possibilities of multilingual clinical NLP pre-training, federated learning for 

privacy-preserving model development, and clinical evaluation in the future using human-AI collaborative 

trials. 
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