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The ECOTOXicology Knowledgebase
comprehensive, publicly available resource providing single
chemical environmental toxicity data on aquatic life,
terrestrial plants and wildlife. The database is updated
quarterly, and to identify relevant references and extract
pertinent data, the ECOTOX data curation pipe
a methodical process similar to the initia
systematic review. This labor-intensive workf
curators to regularly evaluate tens of thousands of
candidate references, the majority of which are then
rejected as not relevant. After the careful review of
hundreds of thousands of potentially relevant articles, the
ECOTOX database currently (as of March 2022) contains
data for 12,485 chemicals and 13,709 species manually
extracted from 53,020 references. The availability of this
extensive dataset of historical screening decisions provided
us with the opportunity to develop high performance, state-
of-the-art neural network classifiers to partially automate
title and abstract screening and to categorize (e.g., human
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Material and Method

annotated with a reason for exclusion.

References were cleaned prior to processing
were normalized
et c. were stripped using regexes
abstract body
from the abstract body

given their own dedicated field

S

We experimented on a subset of 88,900 articles spanning
nearly 100 chemicals from the ECOTOX database. Out of
these, 65,553 were excluded after manual screening, and

« Encoding problems were corrected and html entities

« Boilerplate text such as ‘Abstract;’, ‘All rights reserved,

« Abstracts were parsed to strip keywords from the

« Abstracts were parsed to strip copyright statements

« Keywords, journal, and publisher information were each

We trained modified versions of ULM-FIT and BERT-large
to identify the 22 most frequent exclusion criteria in
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Results

Table 1: Final performance, cross validated over 5 folds. P denotes precision, R

denotes recall (sensitivity), F denotes the F, measure.
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3044610: Monte-Carlo-derived insights into dose-kerma-collision kerma inter-relationships for 50 keV-25 MeV photon beams in water, aluminum and copper

Kumar, S., Deshpande, D. D, Nahum, A. E.; Physics in Medicine and Biology; Pg501-519; 2015

Abstract: The relationships between D, K and K-col are of fundamental
importance in radiation dosimetry. These relationships are critically
influenced by secondary electron transport, which makes Monte- Carlo (MC)
simulation indispensable; we have used MC codes DOSRZnrc and FLURZnrc.
Computations of the ratios D/K and D/K-col in three materials (water,
aluminum and copper) for large field sizes with energies from 50 keV to 25
MeV (including 6-15 MV) are presented. Beyond the depth of maximum dose
D/K is almost always less than or equal to unity and D/K-col greater than
unity, and these ratios are virtually constant with increasing depth. The
difference between K and K-col increases with energy and with the atomic
number of the irradiated materials. D/K in 'sub-equilibrium' small
megavoltage photon fields decreases rapidly with decreasing field size. A
simple analytical expression for (X) over bar, the distance 'upstream' from a
given voxel to the mean origin of the secondary electrons depositing their
energy in this voxel, is proposed: (X) over bar (emp) approximate to
0.5R(csda)((E) over bar (0)), where (E) over bar (0) is the mean initial
secondary electron energy. These (X) over bar (emp) agree well with 'exact'
MC-derived values for photon energies from 5-25 MeV for water and
aluminum. An analytical expression for D/K is also presented and evaluated
for 50 keV-25 MeV photons in the three materials, showing close agreement
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Yes, retain the reference for full-text review

@ No, exclude the reference from full-text review
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If the reference is excluded, why?
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https://ctpub.epa.gov/ecotox/

5933737 TH and 13C NMR spectral studies of conformatio...

ECOTOX, as well the other criteria in one label (OTHER).

~ Macroaverage
Table 2: Fuzzy Kappa scores for human- and model-screened Exclusion Reasons on

4427 new abstracts. Model performance is already on par with some human
screeners. Work is ongoing to further improve performance for future datasets.

67.09%
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73.70%
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94.66%
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Singha, Netai C,, Sathyanarayana, D. N. Chem Methods

5933738 Development of competitive enzyme-linked imm... Abad-Fuentes, A, Esteve-Turrillas, F. A, Agullo, C. et al. Chem Methods

5933739 Biological degradation of 4-chlorobenzoic acid by... Adebusoye, 5. A,

The final model used in ECOTOX is a hybrid meta-model
which delegates decision to either UML-FiT (Howard 2018,
arXiv:1801.06146) or BERT  (Devlin 2019, doi
10.18653/v1/N19-1423) depending on which performs
best on each label. References without abstracts are/

5933740 Degradation of 2,5- and 3,4-dichlorobenzoic acid... Adebusoye, Sunday A., Adeosun, Olumuyiwa A., Clofinlade, Bolanle B.

Note: The views expressed in this poster are those of the authors
and do not necessarily reflect the views or policies of the U.S. EPA.
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5933741 Characterization of multiple chlorobenzoic acid-d... Adebusoye, 5. A., Miletto, M.

5933742 Influence of chlorobenzoic acids on the growth a... Adebusoye, S. A, Picardal, £ W., llori, M. O. et al.

5933743 Characterization of multiple novel aerobic polych... Adebusoye, 5. A, Picardal, E W., llori, M. O. et al.

5933744 Growth on dichlorobiphenyls with chlorine substi... Adebusoye, 5. A, Picardal, E W., llori, M. O. et al.

5933745 Thermochemistry of arene chromium tricarbonyl... Adedeji, Festus A, Lalage, D., Brown, 5. et al.

processed by a dedicated titles-only classifier.

5933746 Evidence for inhibitory substrate interactions dur... Adriaens, P, Focht, D. D.
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(B) Augmenting standard model with Explain its predictions using attention-highlighting

pretrained model via transfer learning
provides additional benefits (mean
improvement of 9.5% WSS over the
baseline prioritization model, but several
datasets had significantly larger gains)

UML-FIiT adapted to highlight information salient to each label We
modify the classification layer of UML-FIT by adding the weight-
pooled hidden state vector, using weights derived from word-level
attention (Yang 2016, doi: 10.18653/v1/n16-1174). The attention
weights are trained separately for each label.

BERT adapted to highlight information salient to each label
We modify the classification layer of BERT by replacing the pre-
classification layer with a scaled dot-product attention head
(Vaswani 2017, arXiv:1706.03762). The attention heads are
trained separately for each label.

« The system is being piloted at EPA, and several refinements are planned.
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(C) 95% Recall estimate was accurate For further information
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