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Supplement S3. Additional materials on automated screening

Automated screening of titles and abstracts was performed with use of Automated Systematic
Review Software (ASR) developed by researchers from Utrecht University, the Netherlands
(PI A.G.J. van de Schoot) for screening abstracts and titles. The software is hosted at
https://github.com (dutomated systematic reviews by using Deep Learning and Active
Learning, 2019). ASR is based on supervised machine learning approach with classification
approach (the papers are classified in categories—i.e. 1=included or O=not-included). The
oracle modus is used to perform a systematic review with interaction by the reviewer.

During the training phase, the model is created, and in the prediction phase, the model is used
to predict the future results of a literature search (see Figure S3.1).
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Figure S3.1. Process scheme of training and testing sets using ASR

We had two objectives in applying ASR:

1) To analyze screening parameters of ASR (time of screening, inclusion and exclusion
rates, false positive rates (FPR), false negative rates (FNR), true positive rates (TPR),
true negative rates (TNR), and receiver operating characteristics (ROC)) and compare
it with parameters of manual screening (time of screening, inclusion and exclusion
rates as workload characteristics);

2) To contribute to the current systematic review by predicting inclusion/exclusion in a
large data set of records based on generated ASR models. To make automated
screening of ASR on large dataset of records to make a new contribution to the
current systematic review.

The following steps were done in our systematic review:

0. several literature searches were done in PubMed to create a training dataset with key
words “human aggression GWAS”, “human aggression genetic association studies”,
“human aggression epigenetics” (2,955 records)



1. the training dataset was labelled by reviewers to create training sets (0=not-included,
I=included) and comprised 152 positives and 2803 negatives labels

2. ASR models were trained with training sets from the labelled training dataset (500

records)

models with different parameters were used for screening

4. the ROC analyses were performed to define FNR and thresholds of positive and
negative results

(98]

Receiver operating characteristics (ROC) analyses were performed on the models including
different number of records labelled as “included”: Nabei=1 = [10, 20, 30, 40, 50, 60, 70] from
the randomly selected training set of Size MNiaining dataset = 500 from the prelabeled list of N =
2,955 records. All models perform considerably better than random, since AUC € [0.79,0.92

] (see Figure S3.2). We selected the model where we used Mabel=1 = 50, since it resulted in the
minimal FPR=0.39 at FNR < 0.03 with optimal threshold of prediction.

Table S3.1. ROC parameters used for model selection.

MNabel=1 Minimal false positive rate at Maximum threshold of prediction
FNR<0.03 at FNR<0.03

10 0.934363 0.01

20 0.878205 0.03

30 0.604671 0.09

40 0.571186 0.03
50* 0.386431 0.12

60 0.583788 0.05

70 0.455537 0.06

*The model using Niaei=1 = 50 exhibits the lowest minimal FPR at FNR <0.03
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Figure §3.2. ROC curves for the trained models
AUC=area under the curve



Once the optimal model was defined, screenings were repeated on different datasets:
(1) 1,713 records of potential reviews on genetics of human aggression (see Supplement
S2);
(2) 356 records of potential GWASs on genetics of human aggression (see Supplement
S2);
(3) 2,069 records that join together (1) and (2) datasets;

(4)a new dataset of 14,400 records done with a wide search
“humanANDaggressionANDgenes” in the same databases as previous datasets.
Screenings (1)-(3) were used to compare the parameters of automated screening with manual

screening (see Table S3.2).

By screening dataset (3) with N = 2,069 ASR predicted relevant records and recovered 50 of
the 51 expert-labelled true positives, yielding TPR = 0.980. The ASR model mislabeled 1
record as not-relevant from expert labeled true positive, yielding FNR = 0.020. The
performance of the model applied to the above search is high. FPR was 0.600, meaning that a
reduction in reading time of ~40% is expected.

It is worth noting that model generation and using it for predicting takes ~ 1 hour on a regular
computer.

Table S3.2. Comparison of titles and abstracts screening performed manually and automated

Step Dataset Screening | Input Inclusion™ Inclusion Exclusion Exclusion
type Sample rate rate
Training | Training | o | 5955 152 5.1% 2,803 94,9%
set dataset
Manual 1,713 26 1,5% 1,687 98,5%
Reviews
ASR 1,713 1,018 59,4% 695 40,6%
Titles and
abstracts Manual 356 25 7,0% 331 93,0%
screening GWASs
ASR 356 243 68,3% 113 31,7%
“Human
aggression ASR 14,400 7,297 50,7% 7,103 49,3%
genes”
Note * The inclusion numbers done on the base of titles and abstracts screening (not the final number of articles included in

the review)
ASR=Automated Systematic Review
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