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Annotation process
Annotators assigned an inside-outside-beginning, or BIO, tag [1] to each word, of the form
\X-type
in which X is B, I, or O: ‘B’ indicates the Beginning of an entity; ‘I’ any subsequent, contiguous word Inside the same entity; and ‘O’ a word Outside of the entities whose types are listed in the entity schema. If X is B or I, then type is an entity type of the schema; otherwise, if X is O, type is empty. For example, tagging drug and disease mentions in the sentence, ‘The main objective of the 18-month, randomised, active-controlled ATTRACT study was to assess the effects of migalastat on renal function in patients with Fabry disease.’ results in: ‘The\O main\O objective\O of\O the\O 18\O-\O month\O,\O randomised\O,\O active\O-\O controlled\O ATTRACT\O study\O was\O to\O assess\O the\O effects\O of\O migalastat\B-drug on\O renal\O function\O in\O patients\O with\O Fabry\B-disease disease\I-disease.\O’
Annotation tools
We used two web-based annotation tools to accelerate the process. The first was adapted from ChemIE Turk [2,3], itself adapted from Amazon Mechanical Turk [4], to enable reviewers with domain expertise to annotate multiple treatment arms in a single paragraph, to reference the location of the paragraph in the original document, and to allow for in-browser access to the portable document format (also called PDF) of the article being annotated. Paragraphs were extracted from the publications and shown to annotators sequentially. 
Given that only a few paragraphs from the text contained well-formed examples of named entities from our annotation schema, we employed a set of rules based on publication section and passage-length to show only the paragraphs believed most likely to contain relevant information. We discarded the paragraphs located in the abstract (because they rarely contained sufficient information) and in the discussion section (because they often contained information on unrelated studies or text on treatments based on conjecture). Paragraphs containing fewer than 15 words were also discarded because they often corresponded to figure legends or footers. All the conducted annotation, which was manual, concerned the remaining paragraphs.
Following this manual annotation, the data were manually validated to ensure accuracy and consistency. Annotation took 230–270 hours, with an additional 50 hours for validation with a passage-level accuracy of 75%. Our experience with this annotation tool revealed that it was difficult to go back to make changes and that, if two entities were annotated within the same arm, they were assumed to be either equivalent or related. Therefore, we chose to test the brat rapid annotation tool (BRAT) [5]. 
[bookmark: _Hlk120530295]Using BRAT, text passages are shown to the annotator as they would appear in the original document. This ability to see paragraphs in context, combined with the facility to correct previous work, significantly reduced annotation time. First, we manually annotated entity types in 70 articles; however, because this was quite labour-intensive, we then used our entity recognition model to automate the annotation of entity types in another 80 papers. We checked these annotations manually and finally annotated relations in all 150 (70 + 80) articles by hand. In a similar amount of time (240–260 hours), the number of documents annotated and validated with this tool was double that achieved by the first tool.
With BRAT, entity relations could be designated by the annotator explicitly instead of being inferred from the order in which they are introduced in the text (Supplementary Fig. 2). In practice, relations were captured by manually linking the entity types that labelled the entities in the relation. This resulted in an improved relation-to-entity ratio for BRAT (0.86) compared with ChemIE Turk (2.07), reflecting a higher quality in relation annotations.

Named-entity recognition architectures[footnoteRef:1] [1:  In the following sections, we follow the convention that sets are typed in capitals, scalars in lowercase, vectors in lowercase bold, and matrices in bold capitals. Variables (which can be sets, scalars, vectors, or matrices) are typed in italics, and the rest is typed in roman.] 

We employed two named-entity recognition architectures: linear and conditional random field (CRF). Both architectures used a bidirectional encoder representations from transformers (BERT) model [6], which is the transformer encoder described by Vaswani et al. (2017) [7][footnoteRef:2], In a given sentence of the articles in the datasets for systematic literature reviews (SLRs) 1 and 2, BERT computes a contextual embedding (called ‘contextual representation’ in the main text) for each wordpiece;  denotes the contextual embedding of the first wordpiece of the word at position . [2:  The software code for this model is available as the Tensor2Tensor library of Google’s TensorFlow project [8].] 

The linear architecture
The linear architecture computes the probabilities of each word belonging to each of the entity types given in table 1A, or to none of them. These scores, called emission scores and denoted by , are computed by a linear layer of the form , such that

in which  and  are the weight matrix and the bias vector of the linear layer, respectively. The scores are then transformed into probabilities, , using the  function.
We labelled the th word with the entity type that had the highest probability in , and the model was trained on annotated data by minimising cross-entropy loss.
The CRF architecture
The CRF architecture also computes emission scores, , but this architecture differs from the linear one by combining a rectified linear unit () activation function with a linear layer, so that

in which  and  are the weight matrix and the bias vector of the linear layer, respectively. From , we extract the component emission score , which represents the likelihood of the th word being . In addition, the CRF computes a transition score, , which measures the probability that any two adjacent words, at positions  and , have the entity-type labels  and . In a given sentence, the transition scores are summed for each interval between words (or between a word and a sentence edge), whereas the emission scores are summed for each word. Next, the summed scores are added to form an overall score, , that measures the likelihood of given entity-type labels . Formally, 

in which  is the number of words in the sentence.
Subsequently, the overall score, , is converted into a probability, , with the softmax function, in the following way:

in which  is the set of all possible entity-type labels for the words in the sentence. Finally, we used the Viterbi algorithm [9] to compute the entity types, , that maximise , such that

These entity types then labelled the words in the sentence, and the model was trained on annotated data by minimising likelihood loss.
Relation extraction architectures
To identify relations between entities, we tested the role labelling and the relation classification architectures.
Role labelling
[bookmark: _Hlk116397941]The role labelling architecture [3] first receives a target entity, , identified by the entity recognition model. Then, a BERT model computes a contextual embedding () for the first wordpiece of each word at position  in the sentence that contains the target entity. Given that the target entity may contain multiple such wordpieces, represented by embeddings , we compute an aggregate representation, , for the target entity by max-pooling, such that

Next, we concatenate the remaining embeddings () in the sentence with the target entity embedding () and a representation of the sentence, , output by BERT, to compute a new embedding, , for each word, as

in which  denotes the concatenation operation. This embedding is used to compute an emission score for each word using Equation (2), but replacing  with  and the weight matrix and bias vector with new ones optimised for role labelling.
We used this emission score to classify whether each word was related to the target entity and, if so, the entity type of each such word, following the method described for the CRF architecture but replacing  with this score.
Relation classification
The relation classification architecture [10] first receives two target entities ( and ) and their sentence () from the entity recognition model. As for role labelling, a BERT model computes a contextual embedding, , for the first wordpiece of each word in , as well as a representation of the sentence itself, . Then, we average the embeddings of the tokens included in the target entities with the arithmetic mean function () and apply an activation function () and a linear layer, such that



in which the embeddings of the tokens included in  and  are denoted by  and , respectively. In addition,  and  are the weight matrices, whereas  and  are the bias vectors of the linear layers that compute the target entities representations,  and , and the updated sentence representation, , respectively. The three representations are then concatenated to produce a contextual embedding of the relation, , defined by

Next, we calculate the vector  that contains the probabilities that the relation belongs to the relation types defined in table 1B, or to none of them. These probabilities are computed by first applying a linear layer and then the  function to the relation representation (), such that

in which  and  are the weight matrix and the bias vector, respectively, of the linear layer. 
We labelled the relation between the two target entities as the relation type with the highest probability in  (the types of the entities within the relation are provided by the entity recognition model). The relation classification model was trained by minimising cross-entropy loss, with the use of the dropout regularisation method.

Supplementary figures
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Description automatically generated]
Supplementary Fig. 1 Our process to create the annotated datasets and use them to train and test the language models.
*Entity types were annotated manually in 70 articles; in the remaining 80 articles, we used our entity recognition model to automate the annotation of entity types, which we edited and corrected by hand. Relations were manually annotated in all 150 articles.
AI, artificial intelligence; eGFR, estimated glomerular filtration rate; SLR, systematic literature review.
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Supplementary Fig. 2 An example of a passage of text with entity and relation annotation using BRAT. 
BRAT, brat rapid annotation tool.

Supplementary tables
Supplementary Table 1 PubMed searches used to expand the SLR 1 and SLR 2 datasets.
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SLR, systematic literature review.
Supplementary Table 2 Partition between the training, validation, and testing datasets.
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Percentages in some columns do not sum to 100 owing to rounding.
SLR, systematic literature review.

Supplementary Table 3 Entity recognition performance per entity type using pretrained BERT+CRF.
[image: ]
Bold blue F1 scores indicate the best-recognised entity types.
‘Actual count’ represents the number of manually annotated entities of each given type in the dataset.
[bookmark: _Hlk111557848]BERT, bidirectional encoder representations from transformers; CRF, conditional random field; eGFR, estimated glomerular filtration rate; PFS, progression-free survival; SLR, systematic literature review.

Supplementary Table 4 Performance of the pretrained relation classification method in the SLR 2 testing dataset across entity-type pairs.
[image: ]
‘Actual count’ represents the number of manually annotated entity pairs of given types in the dataset.
Bold blue F1 scores indicate entity-type pairs with actual counts of at least 80.
eGFR, estimated glomerular filtration rate; SLR, systematic literature review.
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 SLR 1  SLR 2  

 Paragraph   count   (%)  Entit y   count  (%)  Relation   count   (%)  Paragraph   count  (%)  Entit y   count  (%)  Relation   count  (%)  

Training   data set  953   (70)  4 , 332   (69)  9 , 129   (69)  5 , 011   (77)  5 , 206   (68)  4 , 317   (78)  

Validation   data set  211   (16)  1 , 031   (16)  2 , 049   (16)  752   (12)  1 , 278   (17)  660   (12)  

Test ing  data set  197   (14)  961   (15)  1 , 958   (15)  751   (12)  1 , 126   (15)  590   (11)  

Total   data set  1 , 361 (100)  6 , 324 (100)  13 , 136 (100)  6 , 514 (100)  7 , 610 (100)  5 , 567 (100)  
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Label  Relaxed F 1   score (%)  Strict F 1   score (%)  Actual count  

SLR 1     

Arm description  6 6  4 7  477  

Arm dosage  60  2 4  70  

PFS metric  88  76  77  

PFS result  64  3 3  36  

Study type  71  56  66  

Title  71  4 3  90  

Authors  76  6 7  137  

SLR 2     

Age metric  8 2  7 6  157  

Age  number  81  66  158  

Arm description  6 9  5 6  2165  

Arm dosage  4 9  22  195  

eGFR metric  76  62  938  

eGFR number  7 4  60  424  

eGFR subgroup  44  30  243  

eGFR time point  5 6  37  307  

Study type  7 6  58  424  
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Entity - type pair  Precision  (%)  Recall  (%)  F 1   score  (%)  Actual  count  

Arm description – Arm description  99  83  90  349  

eGFR metric – eGFR number  100  97  98  220  

eGFR metric – eGFR time point  99  93  96  156  

Arm description – Arm dosage  100  96  98  102  

eGFR  number – eGFR subgroup  100  87  93  94  

eGFR metric – eGFR subgroup  99  86  92  88  

Age metric – Age number  99  100  99  84  

eGFR metric – eGFR metric  97  85  91  80  

eGFR subgroup – eGFR subgroup  100  71  83  17  

eGFR time point – eGFR time point  80  80  80  10  

Study  type – Study type  100  100  100  1  

Age metric – Age metric  0  0  0  1  
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SLR 1 dataset SLR 2 dataset

o The entity types of interest are listed
in Table 1A under
the SLR 1 header.

Identify entity types
of interest

The entity types of interest are listed
in Table 1A under
the SLR 2 header.

These are the types of the entities
that we will train the Al language

' models to extract.

Agree methods for Focus on oncology papers.
the annotation The relations of interest are

Determine therapy area of papers listed in Table 1B under
from which to extract entities, and the SLR 1 header.

identify relations of interest
between entities.

Focus on papers that report eGFR,
as inspired by an SLR in Fabry
disease. The relations of interest
are listed in Table 1B under the
SLR 2 header.

Identify a PubMed article set o PubMed search for ‘progression PubMed search for phrases
free survival’ in the title and containing eGFR, in addition
Run a PubMed search for articles. abstract, restricted to clinical to study design terms specific
trials published in 2019 or 2020 to observational studies
' (details in Supplementary Table 1). (details in Supplementary Table 1).

Identify a PubMed Among 618 hits, we downloaded Among 591 hits, we had permission
article set (continued) the 200 most recent articles. We to text-mine 299. The full articles
Among PubMed hits, identify had permission to text-mine 70 of Wwere screened to identify 150
relevant articles that we have the articles, so we annotated articles that reported eGFR data.

‘ licences to text-mine, and these articles. We annotated these articles.*

annotate the articles using the
annotation tools.

Identify an original SLR A data extraction sheet was A previously prepared data
article set manually prepared, based on extraction sheet for an ongoing
Find an SLR reporting entity types a previously published review. Fabry disease SLR was identified.

of interest. The articles in this

' SLR are the original SLR set.

Identify an original SLR Overall, 16 articles from the Overall, 26 articles from the Fabry
article set (continued) previously published review were disease SLR were annotated
Annotate the entity types and annotated using the data extraction using the data extraction sheet
relations of interest in the original sheet as a reference. as areference.

SLR article set using the
annotation tools.

Train the language models A training dataset containing A training dataset containing
69-70% of the pooled annotations 68-78% of the pooled annotations
was used to train the was used to train the
language model. language model.

Test performance of Performance was measured Performance was measured
language models using a testing dataset using a testing dataset
Obtain metrics for performance. (14-15% of the annotations). (11-15% of the annotations).
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STATISTICAL METHODS: Al analyses were conducted at the level ofthe state . Spearman coefficients were detemined for the association between the number of adult or pediatric nephologits per 100,000 population in each state and the mean eGFR at

e

startof dialysis and dialysis incidence in each state per 100,000 population
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Dataset  Query search string  Query filters  Number  of results  

SLR 1  expansion  progression free survival[Title/Abstract]     f ree full text      c linical  t rial  OR  r andomized  c ontrolled  t rial      from 2019 – 2020  618  

SLR 2  expansion  ((observational[Title/Abstract] OR cross - sectional[Title/Abstract] OR  retrospective[Title/Abstract] OR  prospective[Title/Abstract] OR cohort[Title/Abstract]  OR "real - world evidence"[Title/Abstract] OR "real - world study"[Title/Abstract] OR case - control[Titl e/Abstract] OR non - interventional[Title/Abstract])      AND      ("mean eGFR"[Title/Abstract] OR "median  eGFR"[Title/Abstract] OR "change in  eGFR"[Title/Abstract] OR "eGFR  change"[Title/Abstract] OR "mean estimated  glomerular filtration rate"[Title/Abstract] OR  "median estimated glomerular filtration  rate"[Title/Abstrac t]))      NOT (review[Publication Type])  f ree full text  591  


