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Introduction and Motivation T|.|T|

Reducing Workload for Title and Abstract Screening in Medical Systematic Reviews: A Comparison of
ML and LLM Approaches.

« Goal

« Automate and enhance the process of paper selection in the context of systematic reviews within the
medical domain.

* Problems

« Manual paper selection takes time (around 4 minutes per paper)i], and the average time from registration
to publication of a systematic review is 67 weeks]

« Current practice usually involves at least 2 humansll.
« Reporting bias M,
« Amount of biomedical literature is growing, thus need for scalability.
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Introduction and Motivation

- Systematic review

« Structured summary of research evidence that uses predefined methods to identify, evaluate, and

synthesize all relevant studies on a specific question.
« Title and Abstract Screening (TIAB)

* Process of reviewing the titles and abstracts of publications to determine their relevance for inclusion in a

systematic review.

« Embeddings

« Dense, multi-dimensional vector representations of data (like words or documents) that capture their

semantic meaning and relationships in a numerical form.
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Research Questions Tum

How can automation based on NLP and ML approaches reduce manual effort in medical literature screening
for systematic reviews?

1. RQ1: What is the current approach in existing literature for using ML for TIAB?

2. RQ2: Can an embedding with a classic ML classifier pipeline alone achieve reliable include/exclude
decisions in systematic reviews?

3. RQ3: Does end-to-end fine-tuning of a transformer meaningfully improve screening accuracy over non-
tuned baselines?

4. RQ4: Can retrieval-augmented few-shot prompting with an LLM consistently deliver high-quality
screening without any model fine-tuning?

5. RQS5: Benchmark of the 3 proposed methods among themselves + the baseline.
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Methodology - Current Approach from Literature
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Current Approach from Literature

Main findings

Many studies report meaningful workload
savings, with recall maintained or improved

« Embeddings + simple classifiers are strong, fast
baselines for TIAB

* Fine-tuned transformers generally outperform
keyword/rule-based baselines

« LLMs: promising for recall and reviewer burden,
but variable with prompts and context
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Limitations

Data: Small/biased or imbalanced datasets
(35% of analyzed papers)

Runtime/Cost: Compute/API costs, latency
(24%)

Prompt/Config sensitivity (24%) in LLM
workflows

External validity: Generalizability/domain
shift concerns (18%)

Reproducibility/transparency (18%)

Privacy/data access (18%)
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Methodology - Proposed Approaches TUT

« Data collection same as in literature (list of titles + abstract with manual annotation include/exclude).

« The data scraping/collection part will not be part of the thesis. The input to the 3 methods will be an
already human-labelled dataset.

1. Classic ML prediction on embeddings directly
2. Fine-tuned transformer classifier
3. Retrieval-augmented few-shot prompting

(Baseline for comparison: manual review)
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Methodology - Proposed Approaches TUT

« Method 1: Classic ML prediction on embeddings directly
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Methodology - Proposed Approaches

« Method 2: Fine-tuned transformer classifier
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Methodology - Proposed Approaches TUT

« Method 3: Retrieval-augmented few-shot prompting
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Methodology - Proposed Approaches TUT

« Throughout the whole thesis, constant benchmarks and evaluations will be carried out to come up with the
most optimal, insight-based combination.

« Embeddings
« Generalist models: all-MiniLM-L6-v2, all-mpnet-base-v2, openai...

« Domain specific: specter2, biomed _roberta, (Google MedGemma)...

« Classifier models
« SVMs, logistic regression, tree-based models...

e Transformers

 Vector stores
« ChromaDB, FAISS...

* Prompting techniques
« Zero-shot prompting, few-shot prompting...
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Status Quo Tum

« Zero-shot LLMs (GPT-3.5/40, Llama-3) reach = 95 % recall and ~50 % workload savings in title-abstract
screeningll.

 QA-style prompting & neural rankers (e.g., LGAR) boost precision beyond fine-tuned BERT and keyword
IR baselines!l.

 Domain-tuned embeddings (PubMedBERT, SPECTER2) outperform TF-IDF/LSA (more basic) but demand
higher computel2l.

« Key challenges when using LLMs: prompt variability, limited interpretability, GPU/API costs/slow routine
adoption!I®l,

« Current best practice: human-in-the-loop via existing systematic review tools, with domain-specific
validation before deployment!sl.
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