
Supplementary Material
Effective Crowd-Annotation of Participants, Interventions, and

Outcomes in the Text of Clinical Trial Reports

A Annotation Interfaces

We present the annotation interface for SENBASE in Figure 1 and for SENSUPPORT in Figure 2.
Notice that in each interface the annotator has the optional choice to read the full abstract text in that
the annotated sentence appears. In this abstract, the currently annotated sentence is highlighted by a
blue border, as shown in Figure 3.

We make the interface available for download at https://github.com/Markus-Zlabinger/
pico-annotation.

Figure 1: Annotation interface of SENBASE

Figure 2: Annotation interface of SENSUPPORT
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Figure 3: Optionally, annotators can in both interfaces examine the full abstract text.

B Pretrained Models for Similarity Methods

An overview of all pretrained models is given in Table 1. The evaluation results of the unsupervised
semantic similarity methods for all pretrained models is presented in Table 2.

Embedding Model Training Data Used by Method

Word

BioWord2Vec [12] PubMed abstracts, MIMIC III corpus [8] AVG, WAVG, SIF
FastText [10] English Wikipedia AVG, WAVG, SIF
PubMedW2VSmall (window 2) [6] PubMed abstracts AVG, WAVG, SIF
PubMedW2VLarge (window 30) [6] PubMed abstracts AVG, WAVG, SIF

Text

SciBERT [2] Semanticscholar full-text papers SenBERT
BioBERT [9] PubMed abstracts SenBERT
ClinicalBERT [1] MIMIC III corpus [8] SenBERT
BioSent2Vec [5] PubMed abstracts, MIMIC III corpus [8] Sent2Vec
USE 4.0 [4] Wikipedia, web news, online forums,

SNLI corpus [3]
USE

InferSent 2.0 [7] SNLI corpus [3] InferSent
WikiUnigram [11] English Wikipedia Sent2Vec

Table 1: Overview of the pretrained models.

C Computation Infrastructure

We ran the experiments for the similarity methods and the PIO task designs on a single machine with
following specs:

• CPU: Intel Core i7-8750H

• GPU: GeForce GTX 1060

• RAM: 16 GB DDR4
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Method Model Preprocessing MedSTS BIOSSES Avg.

TFIDF - Lower 0.74 0.70 0.72
TFIDF - LowerStop 0.74 0.73 0.74
Levensthein - Lower 0.55 0.64 0.60
Levensthein - LowerStop 0.64 0.69 0.66

AVG BioWord2Vec Lower 0.61 0.72 0.66
AVG BioWord2Vec LowerStop 0.72 0.77 0.75
AVG PubMedW2VSmall Lower 0.45 0.65 0.55
AVG PubMedW2VSmall LowerStop 0.64 0.76 0.70
AVG PubMedW2VLarge Lower 0.48 0.63 0.55
AVG PubMedW2VLarge LowerStop 0.66 0.76 0.71
AVG FastText Lower 0.19 0.45 0.32
AVG FastText LowerStop 0.57 0.71 0.64
WAVG BioWord2Vec Lower 0.73 0.75 0.74
WAVG BioWord2Vec LowerStop 0.76 0.77 0.76
WAVG PubMedW2VSmall Lower 0.64 0.74 0.69
WAVG PubMedW2VSmall LowerStop 0.68 0.76 0.72
WAVG PubMedW2VLarge Lower 0.67 0.74 0.70
WAVG PubMedW2VLarge LowerStop 0.71 0.77 0.74
WAVG FastText Lower 0.50 0.65 0.57
WAVG FastText LowerStop 0.62 0.72 0.67
SIF BioWord2Vec Lower 0.79 0.75 0.77
SIF BioWord2Vec LowerStop 0.78 0.76 0.77
SIF PubMedW2VSmall Lower 0.71 0.75 0.73
SIF PubMedW2VSmall LowerStop 0.70 0.76 0.73
SIF PubMedW2VLarge Lower 0.72 0.75 0.74
SIF PubMedW2VLarge LowerStop 0.71 0.76 0.73
SIF FastText Lower 0.59 0.69 0.64
SIF FastText LowerStop 0.65 0.73 0.69

SenBERT ClinicalBERT Identity 0.65 0.69 0.67
SenBERT BioBERT Identity 0.78 0.58 0.68
SenBERT SciBERT Identity 0.60 0.68 0.64
USE USE 4.0 Identity 0.66 0.72 0.69
InferSent InferSent 2.0 Identity 0.49 0.65 0.57
Sent2Vec BioSent2Vec Lower 0.81 0.74 0.78
Sent2Vec BioSent2Vec LowerStop 0.81 0.77 0.79
Sent2Vec WikiUnigram Lower 0.65 0.74 0.70
Sent2Vec WikiUnigram LowerStop 0.64 0.77 0.70

Table 2: Pearson correlation between the ground truth labels and the unsupervised semantic similarity
methods. This table includes the results of all evaluated pretrained models.
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