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Meta-analysis is a powerful statistical approach that combines the findings of multiple 

studies to provide a comprehensive understanding of the same research topic.

• Individual studies often face limitations, such as small sample sizes or 

narrow focus, making it hard to draw definitive conclusions.

• A meta-analysis paper, or meta-article, offers a structured analysis of 

numerous individual support articles.

Significance
▪ Automation strategy for multi-document meta-analysis.

▪ Reduces the labor-intensive aspects of meta-analysis,

Key Concepts
▪ Meta-analysis is a structured synthesis of research documents.



Challenges in Meta-analysis Automation

Data Scarcity
▪ Lack of large-scale, specific meta-analysis dataset

Technical Complexity
▪ Handling large context length: Meta-analysis often involves structured data 

derived from supporting articles, yet most LLMs operate within constrained 

context-length environments during fine-tuning.

▪ Information loss: Due to context length limitation, there can be information loss 

during training or inference. 

▪ Computational resource: Fine-tuning LLMs on a large contextual corpus requires 

a lot of computational resources.
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MAD: Meta-Analysis Dataset

Detailed statistics of the actual and processed dataset MAD, 

along with the demographic profile of Human Evaluators.

Distribution of Supporting Articles in Meta-Articles in 

the dataset MAD.

Dataset Details 
• Number of Meta-articles: 625

• Number of Support articles: 6344  

Source: ScienceDirect, PubMed

Domain: Medical Science 
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Meta-analysis generation system

Input contains instruction and Support 

articles’ ( 𝑆𝑗) abstracts. For inference, there 

will be a query. Here “SP:” refers to an 

abstract of the support article ( 𝑆𝑗).



Meta-analysis generation system

Support articles’ ( 𝑆𝑗) undergo chunk-

based pre-processing, producing chunks

𝐶𝑖
𝑗
⊆ 𝑆𝑗 . These chunks are used to

fine-tune the LLMs for predicting meta-

analysis abstracts ( 𝑦𝑗), with the ICD

loss guiding the fine-tuning process.

Model performance is assessed through

human evaluation of the relevancy of

generated meta-analysis abstracts, ො𝑦𝑗 by

fine-tuned LLMs.



Meta-analysis generation system

Inverse Cosine Distance (ICD) Loss: The 

ICD loss metric uses a specialized training 

mechanism to support fine-tuning. 

𝑰𝑪𝑫 =
1

𝑁
σ𝑖=1
𝑁 1

𝑐𝑜𝑠𝑖𝑛𝑒−𝑠𝑖𝑚𝑖 𝑦, ො𝑦 +𝜀

The ICD function measures the dissimilarity 

between the model-generated output ො𝑦 and the 

ground truth 𝑦 vectors,



Meta-analysis generation system



Fine-tuning LLMs
• Fine-tuning LLMs (e.g., Llama-2, Mistral) on dataset: MAD

• Overlapping segments for effective learning. 

• Introduction of Inverse Cosine Distance (ICD) as a loss metric.

Inference
• Integration of Retrieval-Augmented Generation (RAG). 

• Prompt engineering for targeted synthesis.

Meta-analysis generation system
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Setup
➢ Dataset Details

•Chunking: The dataset was chunked using RecursiveSpliter.

•Split: 400 samples used in training, 175 in validating, and 50 in testing. After 

chunking, the training sample became 3659.

➢ Fine-Tuning
•Llama-2 (7B), Mistral-v0.1 (7B). 

•Hardware: NVIDIA Tesla T4 GPUs.

•Framework: PyTorch.

➢ Evaluation
•BLEU, ROUGE, Cosine Similarity, Human Evaluation.



Results and Analysis

Fine-Tuned LLMs:
Best model: Mistral-v0.1 7B FT (Ours).

▪ Relevance: 87.6%.

▪ Irrelevance reduction: 4.56% to 1.9%.

▪ BLEU and ROUGE: Consistent 

improvement

Key Insights: 
• Fine-tuning enables models to capture contextual 

nuances.

• RAG improves synthesis quality.

Human evaluation is done on the generated meta-analysis abstract by fine-tuned and non-fine-tuned LLMs,

following the criteria REL: Relevant, SWR: Somewhat-Relevant, and IRL: Irrelevant. System-level metrics

BLEU and ROUGE are used to identify when a human evaluator. In the end, the generated meta-analysis

abstract using the RAG approach is evaluated by measuring the generated abstract's similarity with the

ground truth (SWGT).



Results and Analysis
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[1] “Adapted large language models can outperform medical experts in clinical text summarization,”

[2] “Benchmarking large language models for news summarization,”

[3] “Scisummnet: A large annotated corpus and content-impact models for scientific paper summarization with citation networks”

[4] “The falcon series of open language models”

[5] “Gemma: Open models based on gemini research and technology”

[6] “Orca 2: Teaching small language models how to reason”

[7] “StableLM Alpha v2 Models”

[8] “Llama2: Open foundation and fine-tuned chat models”

[9] “Mistral 7b”



Results and Analysis



Discussion
Ablation Study

➢ Impact of ICD loss

• It is observed that ICD loss works better than the 

default loss during training.

➢ Temperature

• It is found that the temperature at 0.7, works 

better than 0.1 and 0.5.



Discussion

➢ Key Contributions

▪ Comprehensive dataset for large-context meta-analysis.

▪ Fine-tuning methodology tailored for structured scientific synthesis.

▪ Demonstrated scalability and efficiency of automated meta-analysis.

➢ Limitations

▪ Restricted to specific context lengths.

▪ High computational requirements.
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Conclusion
Summary
• Developed an automated pipeline for meta-analysis generation using fine-tuned Large Language

Models (LLMs).

• Introduced a novel dataset (MAD) and methodologies like chunking, RAG, and a custom loss function

(ICD) to enhance model performance.

• Achieved significant improvements in relevance and reduced irrelevance in meta-analysis abstracts.

• Demonstrated the potential of LLMs in synthesizing large-scale scientific data efficiently and accurately.

Impact
• Accelerates Research: Streamlines meta-analysis, reducing time and effort for researchers.

• Improves Accuracy: Reduces errors in meta-analysis synthesis compared to manual methods.

• Broad Applications: Can benefit fields like healthcare, environmental science, and education by enabling

data-driven decision-making.

• Pioneers New Approaches: Sets a foundation for automating complex scientific processes with AI.

• Scalable Solution: Offers a pathway to expand into multilingual and cross-domain applications in the

future.



Future Work

In conclusion, our research demonstrates the potential of LLMs for automating 

meta-analysis. By fine-tuning these models and using tools like RAG, we’ve made 

the process faster and more reliable.

Looking ahead, we plan to:

• Expand the dataset to include more fields.

• Improve the fine-tuning process to handle larger contexts.

• Develop user-friendly tools for real-world applications, like healthcare and 

education.

• Combine multimodal data (eg. Images) to reproduce strategies that are followed 

in other studies.



Thank You



Apendix
Meta-paper: Intervention methods for improving reduced heart rate variability in 

patients with major depressive disorder: A systematic review and meta-analysis 


