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1. What is the need?2. The solution: Machine learning?3. Previous applications of machine learning in evidence syntheses4. Recent advancements: Transformer model5. TD: Encoder model for screening:6. Other applications/examples



What is the need ?
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# Publications isexponentiallyincreasing
What are theimplications forevidence syntheses?

Source: Minx et al. 2017



The solution: Machine learning?
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Elicit.com
taskade.com

https://consensus.app/



ML in evidence syntheses is new, untested and unreliable
Evidence syntheses have been using unsupervised ML (e.g. topic models and clustering algorithms) fordecades.
Topic models:
• Describe (and often cluster) documents by quantifying words that occur frequently together• Pros: No need for hand-labelled data or advanced coding knowledge → fast to implement• Cons: No control over the topics → generated automatically by identifying patterns that explainvariability in the data, but these groupings may not be interesting to your researchquestion/conceptual framework of the review
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Topic model use cases
Scoping topics of a corpus to refine your researchquestion (e.g. ~ systematic map)
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Callaghan et al. (2020, NCC)

climatescience andimpacts
solution-oriented

As a screening method to only screenrelevant clusters, or screen clusters that arelikely irrelevant and exclude the irrelevantreferences (e.g.https://www.nactem.ac.uk/robotanalyst/ )

https://www.nactem.ac.uk/robotanalyst/


So why now? Why is ML growing in popularity?

1. Need → the volume of evidence is becoming an increasingly limiting factor2. Recent advancements in language models that allow for a more sophisticatedinterpretation and analysis of text dataa. Access to large amounts of text data for trainingb. Mathematical advancements that reduce computation requirements (backpropagation)c. Advancements in the model architecture (ie Transformer models ), andd. Video gamers
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So what is a language model?
• Language models are probabilistic models. They are designedto predict the most likely next word in a sequence of textbased on the context provided by the preceding words• Large Language Models are language models trained on largeamounts of data using a transformer architecture

https://arxiv.org/abs/1706.03762


What is a transformer model?
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Text classification,where the model mustclassify a piece of textinto one of severalpredefined categories.
The encoder takes in asequence of tokens andproduces a fixed-sizevector representation ofthe entire sequence,which can then be usedfor classification.

Language generation,where the model mustgenerate a sequence ofwords based on an inputprompt or context.
The decoder takes in afixed-size vectorrepresentation of thecontext and uses it togenerate a sequence ofwords one at a time



TD: Encoder block for classification

Literature review example:Screening → training the model to classify unseen text as relevantor not relevant
How do we train and evaluate a classification model? → Crossvalidation• Need to provide it with a human-labelled dataset of text andscreening decisions to learn from• We divide this data into a training set and test set.• Use the test set to train the model• Use the model to make predictions for the test set, andevaluate how well it does against the ‘true’ labels
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Unseendocuments

Randomsample Humanlabelleddocuments

Labels usedto train a MLmodel

ML model predictsrelevance for remainingunseen documents
Adapted from ED Fig. 1,Callaghan et al. (2021)

TD sections: Divide data for cross validation



TD: Encoder block for classification

How to we evaluate the model?
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Accuracy: Out of all the predictions we made, how many weretrue?
Example: We have a data set with 100 articles, and 2 arerelevant. Our model could predict every document as irrelevantand it would have 98% accuracy, but it would be a terriblemodel for our purpose (finding the relevant articles)

So we need a way to maximize our recall of relevant papers,while avoiding including too many irrelevant papers(precision)



TD: Encoder block for classification

How to we evaluate the model?
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Recall: how good the model is at finding allthe relevant articles (TP/TP+FN)?
Precision: Out of all the articles included,how many are truly relevant (TP/TP+FP)?

F1 Score: combines recall and precision.Because there is a trade-off betweenprecision and recall, F1 measures howthe model makes that trade-off.

Generally aim for F1 > 0.7 for simple (binary)classification problems. For more complex multi-label, F1 scores can be as low as 0.45. But, thisimplies a larger amount of error – deciding whethera model is fit for purpose depends on the purpose.For a map this is probably sufficient to describegeneral patterns in the data, but probably not for arigorous meta-analysis.

TD sections: Define evaluation metrics



TD: Encoder block for classification
Step 2: Represent text numerically
2.1: Tokenisation
Take raw text, convert it into tokens(numbers). See example of OpenAI’stokenizer
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Sequence ofwords

Integers
TD sections: Tokenize data

https://platform.openai.com/tokenizer
https://platform.openai.com/tokenizer


TD: Encoder block for classification
Step 2: Represent text numerically
2.2: Input embedding + positional encoding
For each token, you give the model a vector of numbers to train, as well asinformation about its position in relation to the other words in the sentence.
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Sequence ofwords Integers matrixofvectors

Why: to train matrix thatrepresents high-dimensionalvector space where semanticrelationships between tokensbecome mathematicalrelationships

- Each token (integer) is accompanied by a vector- A sequence of vectors → an embedding matrix where the i-th row of theembedding matrix = the embedding of the i-th token (this is a trainableparameter).- At the end of each vector, adds information on position of the token inthe sentence



TD: Encoder block for classification
Step 3: Attention
The model uses these inputs to calculate the relativemeaning of the word inside the sentence, becausedepending on the context, the same word can have differentmeanings
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‘more’ and ‘difficult’ contribute to the word ‘making’.So rather than its generic meaning, it’s related tomaking something more difficult.

Step 4: Classification
Encoder produces an output matrix numerically describingthe text, which is then matched with the human label (e.g.relevant or not) to train a classification layer.

TD sections: Calculate attention weights & train classification layer



Examples in the literature
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Veytia D.,..., Langridge J., et al (Accepted, npj OceanSustainability)



Strengths & Considerations
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Considerations:- Human labelling + training the model still takes time &expertise- No guarantee that the model will perform well- Risk that some areas of the literature are notsufficiently present in the training sample, which wouldlead them to be under-represented in the finaloutcome.- Hidden biases…

Strengths- Can describe large corpuses of evidence that would otherwise not be possible



Considerations: Biases

Examples of potential bias using the ClimateBERT language model to fill in the blank, from:10.1038/s41558-023-01890-3
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Other applications: Relevance ranking

• Model that predicts relevance ranking
( e.g. method Cohen et al 2009 ; e.g. use. Apriyani et al., 2024 )
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ML model predictsrelevance for remainingunseen documents

Set of article to screen X article screened

Re-organizedarticle toscreen

1

23
4

https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1
https://pubmed.ncbi.nlm.nih.gov/19567792/


• Model that predicts relevance ranking
( e.g. method Cohen et al 2009 ; e.g. use. Apriyani et al., 2024 )
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ML model predictsrelevance for remainingunseen documents

Set of article to screen X article screened

Re-organizedarticle toscreen
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Other applications: Relevance ranking

https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1
https://pubmed.ncbi.nlm.nih.gov/19567792/


• As a reviewer applies screening decisions to article text, these data are used to update amodel which predicts relevance for the remaining unseen documents. ( e.g. methodCohen et al 2009 ; e.g. use. Apriyani et al., 2024 )
• Truncate screening : stop the screening effort after a certain inclusion/exclusion ratio.– threshold e.g. 5% in Cheng et al., 2023– Asymptote e.g. Rubenstein et al ., 2023
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Other applications: Relevance ranking

https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1
https://pubmed.ncbi.nlm.nih.gov/19567792/
https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-023-00312-3
https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-023-00296-0


• As a reviewer applies screening decisions to article text, these data are used to update amodel which predicts relevance for the remaining unseen documents. (e.g. Apriyani etal., 2024 )
• Truncate screening : stop the screening effort after a certain inclusion/exclusion ratio.– threshold e.g. 5% in Cheng et al., 2023– Asymptote e.g. Rubenstein et al ., 2023
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Strengths:
- Can significantly reduce review effort
Limitations:
- The effectiveness depends on the representativeness of allthe articles that have been screened- Size limitation on the scope of the review
- All relevant articles need to be manually screened.

Other applications: Relevance ranking

https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1
https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1
https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-023-00312-3
https://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-024-00339-0#Abs1


• The articles included and excluded from existing reviews can be used to train a model,which can then be applied to screen new search results (e.g. Cohen et al 2005 , Cohen etal 2009 ).
• Mainly use in medicine reviews
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Other applications: Update existing reviews

https://pubmed.ncbi.nlm.nih.gov/19567792/
https://pubmed.ncbi.nlm.nih.gov/16357352/
https://pubmed.ncbi.nlm.nih.gov/19567792/


Machine Learning applications for metadataextraction et categorization
Oct 7, 14:00 - 15:00

Devi VEYTIAPostdoctoral researcherÉcole Normale Supérieure
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1. TD: Decoder model for coding, RAG-AI2. Other applications/examples3. Conclusion



Introduction
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Machine learning also has applications for describing the distribution and extent of literaturewith respect to metadata variables. Examples include:
1. Text classification using Encoder models (e.g. Callaghan et al. 2021, Veytia et al. 2025) →same principles behind the screening TD2. Coding/data extraction using Decoder models (e.g. Elicit, Veytia et al. In Prep.)3. Predictive labelling (e.g. Colandr)

https://elicit.com/


What is a transformer model?
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Text classification,where the model mustclassify a piece of textinto one of severalpredefined categories.
The encoder takes in asequence of tokens andproduces a fixed-sizevector representation ofthe entire sequence,which can then be usedfor classification.

Language generation,where the model mustgenerate a sequence ofwords based on an inputprompt or context.
The decoder takes in afixed-size vectorrepresentation of thecontext and uses it togenerate a sequence ofwords one at a time



TD: Decoder block for coding
Literature review example:
- Complex coding task where the input texts and the outcomes sought are highly heterogeneous(implying LARGE amounts of data to train trying to train a sequence classification model)- A logic/rule based Q&A approach makes sense given the input text and information you want toextract
Examples:
• Coding biodiversity impacts across a range of different interventions (MREs, mCDR, CCS, …)• Analyzing a full text pdf
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TD: Decoder block for coding

A decoder is almost the same structure asthe encoder → designed to predict the nextword in a sequence given the previouswords. See this illustration
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To predict the next word (token):
• Each possible token is assigned a probabilityaccording to a probability distribution.• The LLM temperature parameter modifies thisdistribution.– A lower temperature makes the tokens with thehighest probability more likely to be selected (ie.coherence)– a higher temperature increases a model's likelihoodof selecting less probable tokens (more creative)– Different temperature settings introduce differentlevels of randomness and allow you to balance howthe model performs.

Therefore, it is important to recognize that each time you run the model, your results mightchange due to randomness.
TD sections: Example 1: Coding using a generative LLM

https://jalammar.github.io/images/t/transformer_decoding_2.gif


TD: Decoder

Tools: ($): ChatGPT, Elicit, (Free): DeepSeek, Google Flan, other models on HuggingFace
Considerations:
- Validating prompts for adequate performance is still time-consuming- No commonly established method/practice for this application- Hallucination (although things you can do to minimize this)
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TD: RAG-AI
Retrieval-Augmented Generation (RAG) allows an LLM to reference a specific knowledge base (context) outside of itstraining data sources before generating a response. This allows you to ask an LLM to answer questions about a source text.
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TD sections: Example 2: RAG-AI



TD: Using pre-trained models for coding

You can use pre-trained models off the shelf – applying existing models for predictingclassifications on Huggingface to predict labels for unseen data (e.g. sentiment analysis,location extraction, etc.)
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TD sections: Example 3: Code using a pre-trained classification model

https://huggingface.co/models


Other examples: Predictive labelling
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Provide suggestions to expedite data extraction (e.g. Colandr)

https://drive.google.com/file/d/1gsg8s8WGrTETJxL3dL2eqzPowxbwcr37/view?usp=sharing


General advice

When using ML methods:
• Make sure your method is appropriate for the question. Use the strengths of AI, whilebeing aware of its limitations. AI is great at summarizing large amounts of documents,and detecting overall patterns and trends in data. So it’s great for tasks like priorityscreening or supervised/unsupervised systematic maps, but can’t replace humans whenit comes to critical assessment of literature/interpretation• Consider sources of error, bias, and how you’re evaluating your model performance, andinterpreting its results• But, humans have error too…
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Need for machine learning literacy in evidence synthesescommunity
No substitute for domain-specific expertise, but literacy in ML methods is also needed.
• While there are increasing numbers of online platforms that make ML models user-friendly without need to code, still limited in how customizable they are.• Without experience, researchers may have unrealistic expectations of what the MLsystem can achieve• Needed for assessing whether a model is fit for purpose. Eg. Accuracy vs F1 score
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Summary of encoder vs decoder transformers
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Source: Nicolas Schreuder, CNRS, LIGM


