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Abstract

The burden of injuries is essential to public
health planning and policy making. Public
health scientists rely on estimating the prob-
ability of nature-of-injuries (NI) for external
causes of injuries (ECI) to calculate metrics
used to describe burden of injuries globally.
With more than 30 million records collected
from 15 countries that include ECI with NI,
in this study we develop a novel method to
estimate probability of NI for ECI using self-
supervised matrix imputation. We formulate
learning the probability of NI for ECI for our
data as a matrix imputation from noisy la-
bels problem. Subsequently, we benchmark the
collected data on 16 existing matrix imputa-
tion methods to uncover the best performing
method for our data. Using self-supervision
and data augmentation to curb the model’s ten-
dency to overfit to noisy labels, our matrix im-
putation approach improves test set RMSE by
7.36% compared to the best performing impu-
tation model used for benchmarking. In addi-
tion, the proposed self-supervised approach re-
duces the Euclidean distance of NI probabili-
ties among age groups with similar probabilities
by up to 20% without impacting model perfor-
mance and uses counterfactual data augmenta-
tion (CDA) to mitigate potential biases from
age, sex, platform, and country income status.

Keywords: Injuries, Burden of Injuries, Ma-
trix Imputation, Self-supervision

Data and Code Availability The code and prob-
ability matrix dataset are shared under https://

github.com/ENMatrix/ENMatrix.

Institutional Review Board (IRB) This study
used de-identified data, and the waiver of informed
consent was reviewed and approved by the Univer-
sity of Washington Institutional Review Board (study
number 9060).

1. Introduction

Estimating the burden of injuries is essential to pub-
lic health and health policy planning, resulting in
laws enacted globally to prevent fatal and non-fatal
injuries. Globally, there are 4,458,185 deaths and
581,064,535 cases requiring treatment due to injuries
occurring each year on average from 1990 to 2021 for
all sexes and ages Institute for Health Metrics and
Evaluation (IHME) (2024). Estimating the burden
of fatal injuries largely relies on vital registration and
verbal autopsy data, often publicly available. Esti-
mating the burden of non-fatal injuries relies on care
provider records that are often private and pertain to
individual patients. In addition, injury cases are com-
monly recorded using either ECI, such as car accident
or electrocution, or NI, such as lower limb fracture or
severe burn. Despite rarely recording both NI and
ECI for individual non-fatal cases, public health and
health policy planning based on burden of injuries
requires knowledge of both.

Disability adjusted life years (DALY) is a metric
commonly used by public health scientists to estimate
the burden of injuries. DALY is the sum of years of
life lost (YLL) in fatal injury cases and years lived
with disability (YLD) in non-fatal injury cases. Es-
timating YLD for a given population requires double

© 2024 P. Naghavi, E. Naghavi, G. Wang & K.L. Ong.

https://github.com/ENMatrix/ENMatrix
https://github.com/ENMatrix/ENMatrix


E-N Injury Matrix Estimation with Self-Supervised Imputation

coded data, including NI and ECI. Using only dou-
ble coded injury cases to estimate YLDs globally can
produce inaccurate estimations due to limited avail-
ability of double coded data that may not represent
the true distribution of injuries. Predicting missing
ECI or NI for single coded data sources can improve
the accuracy of the burden of non-fatal injury esti-
mation by providing significantly more double coded
data.

Public health scientists have relied on natural dou-
ble coded data to learn the probability of NI given
ECI in order to estimate NI cases for single coded
data containing ECIs only, creating vastly more dou-
ble coded data to calculate YLD Murray et al. (1996);
Campos et al. (2015); Haagsma et al. (2016). NI
probability given ECI is gathered in matrix format,
referred to as the E-N matrix Haagsma et al. (2016).
The accuracy of E-N matrix probabilities directly im-
pacts the accuracy of calculated YLDs. In this work,
we develop a novel method to estimate E-N matrices
using self-supervised imputation with graph neural
networks.

To estimate NI probability given ECI, we collected
and assessed injury data sources from more than 15
countries, totaling over 30 million double coded in-
jury case records. Matrix imputation is used to es-
timate missing values, which in our study, applies to
certain NI probabilities determined from few to zero
injury cases in our data.

In this work, estimating NI probabilities for ECI
from our data is performed using matrix imputa-
tion from noisy labels. We benchmarked 16 exist-
ing matrix imputation methods on estimating a set
of randomly selected NI probabilities from the E-N
matrix. GRAPE You et al. (2020) was the best per-
forming benchmarked model. To curb the model’s
tendency to overfit to noisy labels, we implemented a
non-contrastive self-supervised loss for GRAPE. Our
self-supervised loss reduces the Euclidean distance of
NI probabilities among age groups with similar prob-
abilities by up to 20% without increasing validation
set RMSE. In our self-supervised matrix imputation
approach, we learn from 7 datasets simultaneously
during pre-training, 6 of which are generated using
data augmentation techniques on the original data,
including CDA and weighted averaging. During pre-
training, we sample from a multinomial distribution
generated by an autoencoder model trained by the
self-supervised loss to select the dataset used in each
epoch to avoid overfitting to one dataset.

Using weighted averaging data augmentation, we
generate 2 datasets from the original to reduce the
number of noisy labels by combining injury cases for
age groups, as well as sexes and age groups, with
similar probabilities. To mitigate potential bias from
age, sex, platform, and country income status, we ap-
ply CDA. After pre-training, the self-supervised ma-
trix imputation model has a similar (±5%) RMSE
on the test set of CDA generated datasets and the
original dataset, demonstrating CDA’s effectiveness
in mitigating potential bias in the dataset. Overall,
our approach improves test set RMSE by 7.36% com-
pared to GRAPE. In summary, this study makes the
following contributions:

1. We collected and assessed injury data sources
from more than 15 countries, totaling over 30
million double coded injury cases to estimate NI
given ECI probabilities.

2. We benchmarked the dataset on 16 existing ma-
trix imputation methods to uncover the best per-
forming methods for our data.

3. We developed a non-contrastive self-supervised
loss that reduces Euclidean distance of NI prob-
abilities among age groups with similar proba-
bilities by up to 20% without increasing RMSE.

4. We apply CDA to the original dataset in pre-
training to mitigate potential bias from age, sex,
platform, and country income status, achieving
a ±5% RMSE variation among CDA generated
datasets and the original dataset.

5. Our self-supervised matrix imputation approach
improves test set RMSE by 7.36% compared to
GRAPE, the best performing matrix imputation
method used during benchmarking.

2. Methodology

We describe the collected dataset and steps we took
to assess the data sources to avoid introducing certain
biases into the dataset. Subsequently, we describe
challenges with learning from our collected dataset
that includes noisy labels as a result of scarcity of
injury data sources in the double coded format and
splitting injury cases in the dataset into 5040 unique
combinations of ECI, age group, sex, platform, and
country income status for downstream tasks on pub-
lic health research. Additionally, we describe our self-
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supervised matrix imputation method with data aug-
mentation, involving pre-training on the original and
augmented data, and fine-tuning on the original data,
to improve estimating NI probability given ECI from
data that includes noisy labels.

2.1. Dataset

We curate a dataset for estimating NI probabilities
from ECI by aggregating surveillance data, medical
registry, hospital records, and clinical data from over
15 countries. The resulting dataset includes over 30
million double coded injury cases with ECI and NI
for each case. The injury cases are sorted into dif-
ferent sub-groups of ECI and NI based on grouping
International Classification of Diseases (ICD) codes
for similar ECI and NI. Appendix E details the ICD
code assignment to ECI and NI sub-groups for ICD-9
and ICD-10 coding.

We further split injury cases by age groups, includ-
ing an age group for every 5 years of age up to 95 years
of age with the addition of 3 groups, including less
than 1 year old, 1 to 4 years old, and 95 plus years
old. Injury cases are also split by sex and country
income status, including high-income and not high-
income, as well as platforms, including inpatient and
outpatient. The age, sex, platform, and income split-
ting of injuries records is necessary for downstream
tasks on public health research since metrics such as
DALYs and YLDs are reported for different coun-
tries and demographics. The importance of platform
splitting stems from DALYs and YLDs being larger
for injuries involving inpatient care, since inpatient
care is associated with more severe injuries. As a re-
sult, accurately estimating burden of injuries relies
on knowing the care platform of injuries.

2.1.1. Data Source Assessment

Our final dataset is composed of various data sources
that we examined to prevent introducing bias. Data
sources that do not uniformly report injury cases,
such as hospitals specializing in one area of care, are
a potential source of bias. Depending on the size
of the data source, there is often significant spar-
sity that may incorrectly appear as under-reporting
or non-uniform-reporting bias. However, combining
sex, income status, platform, NI, and ECI into larger
theme-based groupings reduces sparsity and provides
a clearer overview of the data. Figure 1 demon-
strates the composition ratios of the final dataset
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Figure 1: The composition ratios of theme-based
groupings of ECI for the final dataset for
all age groups after combining sexes, plat-
forms, income statuses, and NI.

after combining ECI into larger theme-based group-
ings and combining sexes, platforms, income statuses,
and NI. The same figure was rendered for each data
source to assess the data source before adding to the
dataset. Details of grouping ECI into the 7 theme-
based groups is in Appendix G. Based on field ex-
perts’ recommendation, including public health sci-
entists and clinicians, data sources with skewed com-
position ratios were not included in the final dataset.
In addition, we examined the data sources for miss-
reporting biases. Using a similar approach to investi-
gate non-uniform-reporting and under-reporting bias,
we plotted counts and ratios for each of the 7 theme-
based groupings of ECI. However, the NI were not
combined to reveal data sources that exhibited miss-
reporting bias. We considered a data source exhibit-
ing miss-reporting bias when it frequently reported
unlikely NI for ECI, and excluded them from the fi-
nal dataset based on field expert recommendations.
In Appendix C, we discuss other potential uses of our
publicly available dataset.

2.2. Problem Statement

Estimating the probability of NI:

N = {nα, nβ , nγ , ...}

given ECI:
E = {ea, eb, ec, ...}

can be purely data driven. With enough samples col-
lected uniformly randomly from hospitals and other
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care facilities that tend and report all form of in-
juries, computing NI probabilities given ECI, ea,
where ea ∈ E, is as simple as dividing the number
of cases involving the NI, nβ , where nβ ∈ N , by the
total count of all NI given ECI ea.

P (nβ |ea) =
count(nβ |ea)∑

i∈N

count(ni|ea)

2.2.1. Limitations of Data-Driven Approach

The difficulty with the purely data driven approach
lies in having to collect double coded data that con-
tains the ECI and NI. However, double coded data is
limited since most health records either include the
ECI or NI. The next challenge arises when probabil-
ities need to be estimated for different age groups,
sexes, platforms (e.g. inpatient and outpatient), and
country income status (e.g. high-income and not
high-income). Providing NI probabilities for each
5040 unique combination of age group, sex, plat-
form, country income status, and ECI involves sep-
arating the collected injury cases. The separation
of injury cases for the 5040 unique combinations re-
sults in missing values in the dataset. After split-
ting the data, the extent of missing values for each
unique combination involves 807 or 16% of combina-
tions having no injury cases assigned to them, 1362 or
27% of combinations having less than 5 cases assigned
to them, and 2209 or 44% of combinations having
assigned cases less than 52, the total number of NI
groups. The combinations with zero cases assigned
to them are especially problematic using the purely
data driven approach due to the inability to assign
any probability to the NI given an ECI. Thus, using
the purely data driven approach would be incomplete
and potentially inaccurate for a considerable number
of unique combinations.

2.2.2. Imputation

A common approach for estimating missing values in
a dataset is feature or matrix imputation Dempster
et al. (1977); Burgette and Reiter (2010); Kim et al.
(2004); Cai et al. (2010). Using imputation, we can
assign probabilities to NI that have zero or a small
number of cases assigned to them. It is possible to
set an injuries case threshold for missing data and
use imputation methods to estimate missing values,
however the threshold would be arbitrarily selected
and may incorrectly categorize true values as missing.
There are many cases where zero or low case count is

the true value, such as breaking a lower limb, a NI,
as a result of inhaling poison gas, an ECI. To truly
identify missing values, we have to rely on expert in-
tervention.

Missing Value Identification In our dataset,
missing values cannot be feasibly distinguished from
true zeros or low case counts. The dataset has 66%
of NI probabilities over all combinations set to zero
due to not having any injury cases assigned to them.
An even larger percentage of NI have 5 or less cases
assigned to them. As a result, distinguishing true ze-
ros or low counts from missing values would require
unfeasible hours of field expert intervention due to
the number of cases. Thus, using traditional imputa-
tion to estimate missing values is not the optimal ap-
proach since identifying missing values in the dataset
is unfeasible.

2.3. Self-Supervised Matrix Imputation

Using a randomly selected portion of the dataset
with the probabilities from the purely data driven
approach on NI as the training set, we can rely on fea-
ture or matrix imputation models to impute the prob-
abilities of other parts of the dataset, used as the test
and validation sets. We can estimate the probabili-
ties for the entire dataset by repeating this approach
on multiple samples of the dataset without replace-
ment and aggregating the probabilities of the test
sets. The disadvantage of this approach lies in impu-
tation models being commonly implemented using su-
pervised learning You et al. (2020); Burgette and Re-
iter (2010), and in supervised learning, noisy samples
(e.g. samples with missing data) can cause the model
to overfit to those noisy samples. However, past
works demonstrated that self-supervised learning can
improve robustness and uncertainty Hendrycks et al.
(2019) as well as prevent models from overfitting to
noisy instances in the dataset Tu et al. (2023).

2.3.1. Imputation Benchmarking

We first benchmark our dataset on existing feature
and matrix imputation methods since our dataset
has not been previously benchmarked on such meth-
ods and these methods can make assumptions about
the input data that may not be appropriate for our
dataset. During this step, we used a variety of matrix
and feature imputation approaches, including joint
modeling with expectation-maximization (EM), mul-
tivariate imputation by chained equations (MICE), k-
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nearest neighbors (KNN), and matrix completion, as
well as more recent approaches involving deep genera-
tive models and graph neural networks (GNN). Sub-
sequently, we further enhanced model performance
by implementing self-supervised learning in tandem
with the best performing imputation approach found
during benchmarking.

2.3.2. Self-Supervised Loss

We train our model to predict similar NI probabili-
ties for scenarios with slight variations based on ob-
servations in the data. Specifically, we observed that
among certain age groups, NI probabilities are very
similar for ECI. An example of this scenario is a 30
year old male from a high-income country admitted
for over 24 hours to a care provider for a car acci-
dent having similar NI probabilities as 25, 35, and 40
year old males in a high-income country admitted to
a care provider for inpatient care. Self-supervised loss
can reduce the difference in predicted NI probabilities
among age groups that should have similar probabil-
ities. After confirming our intuition with field ex-
perts, including clinicians and public health experts,
we created larger age groups with similar NI prob-
ability for ECI (see Appendix F). Using the larger
age groups, we developed a loss function that aligns
with non-contrastive self-supervised loss discussed in
past works Balestriero and LeCun (2022). Our self-
supervised loss function takes the average Euclidean
distance of NI probabilities for ages within the larger
age groups with similar probabilities. The impact of
self-supervised loss on reducing the difference in pre-
dicted NI probabilities among age groups with similar
probabilities is evaluated in Section 3.2.

Self-Supervised Loss Formalization The self-
supervised loss LD, is formalized below with NI prob-
abilities vector

pn,ei,sj ,ak,lt,mw
pn,ei,sj ,ak,lt,mwpn,ei,sj ,ak,lt,mw

=

⟨P (nα|ei, sj , ak, lt,mw), P (nβ |ei, sj , ak, lt,mw), ...⟩

for NI nα, nβ ∈ N . The Euclidean distance
between NI probability vectors pn,ei,sj ,ak,lt,mw

pn,ei,sj ,ak,lt,mwpn,ei,sj ,ak,lt,mw
and

pn,ei,sj ,au,lt,mw
pn,ei,sj ,au,lt,mwpn,ei,sj ,au,lt,mw , denoted as dei,sj ,lt,mw(ak, au) is

dei,sj ,lt,mw(ak, au) =∥∥ pn,ei,sj ,ak,lt,mw
pn,ei,sj ,ak,lt,mwpn,ei,sj ,ak,lt,mw − pn,ei,sj ,au,lt,mw

pn,ei,sj ,au,lt,mwpn,ei,sj ,au,lt,mw

∥∥
2

for age groups ak, au ∈ Ab where Ab is the larger
age grouping, such that Ab ∈ A where A is the set of

larger age groupings. In the loss formalization below,
the ECI is ei ∈ E, sex is sj ∈ S where S = {Male,
Female}, platform is lt ∈ L where L = {Inpatient,
Outpatient}, and country income status is mw ∈ M
where M = {High-income, Not high-income}.

LD =
∑

Ab∈A, ei∈E,
sj∈S, lt∈L,

mw∈M

1
|Ab|

∑
ak,au∈Ab

dei,sj ,lt,mw
(ak, au)

|A|+ |E|+ |S|+ |L|+ |M |

Combined Loss As stated in Section 2.3, we in-
clude the self-supervised loss in the objective function
during training to help prevent the model from over-
fitting to noisy samples. Thus, the self-supervised
loss is applied in tandem with the existing loss func-
tion of the imputation task, such as mean squared
error (MSE) loss. Combining the self-supervised loss
LD with the imputation loss LMSE aligns with our
objective for the self-supervised matrix imputation
training, which is learning to impute missing values in
a dataset containing noisy labels without overfitting
to those noisy labels. When combining two losses,
the magnitude of the individual loss values can im-
pact the training. As a result, a tunable scale factor
θD is used to scale the two losses. The final combined
loss is formalized below.

L = LMSE + θD × LD

Excluding Loss of Known Values In our
dataset, the age group, sex, platform, country in-
come status, and ECI are always included, however
NI probabilities are imputed for missing values. Dur-
ing training, the imputation loss is commonly com-
puted on all input values, including values that are
always known in our dataset. Thus, masking out
the known values from the loss calculation during
training can potentially improve model performance.
Known value masking is beneficial because in certain
scenarios, predicting sex or age group using other val-
ues is incorrect, given that sex or age group may not
be determining factors.

2.3.3. Data Augmentation

In addition to self-supervision, we rely on counterfac-
tual and weighted averaging data augmentation tech-
niques to prevent our imputation model from overfit-
ting to noisy labels. Data augmentation has been
used in past works to improve general model perfor-
mance Wang et al. (2019), imputation performance
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Wang et al. (2021), robustness Rebuffi et al. (2021),
and model performance when learning from noisy la-
bels in certain applications Song et al. (2024). As
previously stated in Section 2.3, our dataset contains
noisy NI probability labels that may lead our imputa-
tion model to overfit to noisy samples. Variations in
number of injury cases by age group, sex, platform,
and country income status can introduce biases that
result in noisy NI probability for labels driven from
limited data that may not represent the true distri-
bution.

Counterfactual CDA has been used in the past to
mitigate biases in datasets in a variety of applications
Dinan et al. (2020); Dash et al. (2022). Given that NI
probability labels are driven by the number of cases
assigned to them, data availability variation by age
group, sex, platform, and country income status can
introduce biases into the dataset that make NI prob-
ability labels noisy. To mitigate potential biases in
our dataset that contribute to noisy labels, we im-
plemented CDA for sex, country income status, and
platform, such that we assign the opposite value, cre-
ating three additional datasets from the original data.
In addition, we implemented CDA for age group,
where we randomly assign age groups within larger
age groups that have similar probability of NI for ECI
(see Appendix F), creating an additional dataset from
the original dataset.

Weighted Average Splitting injury cases by age
groups, sex, platform, and country income status to
predict the NI probabilities given the ECI results
in splitting the data into 5040 unique combinations
that may sometimes have very few injury cases that
may not represent the true distribution of the NI for
the combination due to limited data. However, our
consultation with field experts confirmed that within
larger age groups, probability of NI for ECI are simi-
lar (see Appendix F). Additionally, sex is not a deter-
mining factor for NI probabilities given the ECI with
a few exceptions. Thus, we take the average of the
probabilities for the combinations within the larger
age groups that have similar probability of NI for
ECI, however we weight the average by the number
of zeros within the probability vector. Subsequently,
we assign the weighted average vector to all the com-
binations within the larger age group, creating an-
other dataset with weighted averages of the larger
age groups. In addition, we combine sexes within the
larger age groups to calculate the weighted average,

creating an additional dataset with weighted averages
of the larger age groups with the sexes combined.

2.3.4. Combined Approach

With the aid of the data augmentation techniques, we
generated 6 new datasets from the original dataset, 4
of which are generated using CDA and the other 2 are
generated using weighted averaging. Learning from 7
datasets during training is non-trivial given the model
can overfit to one dataset and underfit to others. To
avoid unevenly learning from the datasets, we rely on
a model to generate probabilities used in a multino-
mial distribution to sample and select a dataset to
learn from in a given epoch. The dataset selection
probability generator model is an autoencoder used
in past works for generative tasks Vértes and Sahani
(2018) (see Appendix D). The objective of the dataset
selection probability generator model is to minimize
the loss on all datasets. As a result, we take the
softmax of the generated probabilities for dataset se-
lection:

pdpdpd = softmax(⟨pd1, pd2, ..., pd7⟩)

Subsequently, we take the one norm of the gener-
ated dataset selection probabilities vector multiplied
by the loss used for the self-supervised imputation
model

L × ∥pdpdpd∥1

that results in the combined loss

Lcomb = L × ∥pdpdpd∥1 = L

In this implementation, the loss of the dataset proba-
bility generator model is the same value as the impu-
tation model, which includes the self-supervised loss.
However, the loss of the imputation model drives the
optimization of all models involved in the training
process, including the dataset selection probability
generator model.

Pre-Training and Fine-Tuning Learning from
the 7 datasets is done in the pre-training stage of our
approach described in Section 2.3.4, during which the
model learns from all 7 datasets to mitigate the biases
present in our dataset and improve model robust-
ness against noisy labels. In the fine-tuning stage,
the model is fine-tuned to the original dataset to im-
prove the model’s performance on the original data.
Although the fine-tuning step can potentially add bi-
ases back into the model predictions and result in

752



E-N Injury Matrix Estimation with Self-Supervised Imputation

the model’s reduced robustness against noisy labels,
fine-tuning can be controlled by adjusting the initial
learning rate, making the fine-tuning step more or
less aggressive Wortsman et al. (2022).

3. Results

In this section, we implemented and tested the
methodology defined in Section 2 on our dataset.
Initially, we evaluate a range of existing imputation
approaches to benchmark our dataset (see Section
3.1). Subsequently, we implement and evaluate our
approach (see Section 3.2).

3.1. Imputation Benchmarking

Imputation benchmarking helps us uncover the most
appropriate imputation approach for our dataset.
Imputation of missing values in a dataset can be done
using different approaches, including Expectation-
Maximization (EM) Dempster et al. (1977), mul-
tivariate imputation by chained equations (MICE)
Burgette and Reiter (2010), k-nearest neighbors
(KNN) Kim et al. (2004), and matrix completion
Cai et al. (2010). In recent years, deep learning has
been used for matrix imputation Gondara and Wang
(2018), including generative models, such as GAIN
Yoon et al. (2018), and graph neural networks, such
as GRAPE You et al. (2020). In recent works, OT-
based imputer Muzellec et al. (2020), MIRACLE Ky-
ono et al. (2021), TDM Zhao et al. (2023), and IGRM
Zhong et al. (2023) have made improvements to im-
puting missing values in datasets using various tech-
niques. The imputation benchmarking of our dataset
includes the aforementioned approaches with the ad-
dition of a few other imputation techniques imple-
mented in fancyimpute Rubinsteyn and Feldman.

Performance Evaluation To compare the perfor-
mance of the imputation models, we randomly select
12.5% of the NI probabilities across the 5040 unique
combinations in the dataset for the test set. We
also randomly select 12.5% of the probabilities for
validation, using the other 75% of the probabilities
for training with the addition of known columns in
the tabulated dataset, including ECI, age group, sex,
platform, and country income status. The imputa-
tion methods were compared using test set RMSE.
Hyper-parameters were manually tuned for the im-
putation methods by relying on validation set RMSE
(see Appendix H).

Table 1: Matrix imputation benchmarking results

Method RMSE MAE

Random 0.1025 0.0482
Mean 0.0746 0.0231
Dirichlet RG (current) 0.0575 0.0154
KNN 0.0608 0.0163
MICE 0.0776 0.029
EM 0.0981 0.043
SoftImpute 0.0757 0.021
IterativeSVD 0.0732 0.0213
Matrix Factorization 0.0791 0.0316
GAIN 0.0795 0.018
Round Robin MLP 0.0824 0.0377
MIRACLE (Mean) 0.0688 0.1732
MIRACLE (GRAPE) 0.0692 0.1725
OT Imputer 0.0774 0.0286
TDM 0.0678 0.0123
IGRM 0.063 0.0185
GRAPE 0.053 0.0156
Self-Supervised GRAPE 0.0491 0.0121

Benchmarking Results The RMSE and MAE of
different methods on the test set is provided in Table
1. The best performing methods on our dataset are
GRAPE You et al. (2020) with RMSE of 0.053 and
TDM Zhao et al. (2023) with MAE of 0.0123. The
worst performing method is Random with RMSE of
0.1025 that involves assigning values between 0 and
1 to the missing probability of NI for ECI, followed
by scaling all probabilities of all unique combinations
to sum to one. The method currently used by public
health scientists relies on Dirichlet regressions Maier
(2014) with 0.0575 RMSE Haagsma et al. (2016). We
selected GRAPE as the model to implement our self-
supervised matrix imputation approach since model
performance with regards to RMSE is more critical
due to the higher influence of larger errors in RMSE
compared to MAE.

3.2. Self-Supervised Matrix Imputation

After developing the self-supervised matrix impu-
tation described in Section 2.3 with GRAPE You
et al. (2020), we pre-trained a model on our dataset
with our combined approach involving self-supervised
loss and data augmentation generated datasets. We
trained the model for 50,100 epochs, closely match-
ing the benchmarking hyper-parameters with the ex-
ception of the learning rate scheduler (see Appendix
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H). The pre-trained model obtained 0.0503 RMSE
on the test set of the original dataset. At the end
of pre-training, the model performed similarly on
all CDA generated datasets with test set RMSE of
0.050, demonstrating the bias mitigation effectiveness
of CDA. However, after fine-tuning, involving 20,000
epochs with an initial learning rate set to 28% of the
initial learning rate of the pre-training, we further im-
proved the model performance to 0.0491 RMSE and
0.0121 MAE on the test set of the original dataset
(see Appendix H).

Self-Supervised Loss The self-supervised loss im-
plemented on GRAPE takes over 10 times longer for
an epoch, mostly spent on backwards propagation,
compared to MSE loss used for feature imputation
tasks on the original GRAPE. As a result, using the
self-supervised loss for 50,000 epochs would signifi-
cantly slow down the training process. However, the
self-supervised loss is very effective in reducing the
distance between the combinations within the larger
age grouping that should have similar NI probabili-
ties for ECI. To benefit from the self-supervised loss
in practice, we introduce a cold-start-delay that al-
lows the model to train for a number of epochs using
the MSE loss before switching the objective function
to the combined loss described in Section 2.3. In our
implementation, we train the model for 50,000 epochs
using the MSE loss before switching to the combined
loss for the remaining 100 epochs. Using the com-
bined loss for the remaining 100 epochs reduces the
distance between the combinations within the larger
age groups by up to 20% using the conservative scal-
ing factor θD of 0.005 on the distance loss that does
not increase validation set RMSE (see Appendix B).

4. Related work

Burden of injuries is commonly estimated with the
method proposed by Murray et al. (1996), which uses
Dirichlet regressions Maier (2014) to estimate the
E-N matrix Campos et al. (2015); Haagsma et al.
(2016); Ferrari et al. (2024). In this work, we formu-
lated estimating the probability of NI for ECI as a
matrix imputation from noisy labels problem for our
dataset. Thus, in this section, we focus on related
works involving matrix imputation.

Matrix Imputation Matrix imputation is a
highly discussed topic, proposing various methods to
impute missing features and samples in datasets. One
such approach is statistical methods, which include

EM Dempster et al. (1977); Ghahramani and Jor-
dan (1993); Garćıa-Laencina et al. (2010); Honaker
et al. (2011); Zhou et al. (2020), MICE Raghunathan
et al. (2001); Van Buuren (2007); Burgette and Re-
iter (2010); Van Buuren and Groothuis-Oudshoorn
(2011); Stekhoven and Bühlmann (2012); Laqueur
et al. (2022), KNN Kim et al. (2004); Troyanskaya
et al. (2001a); Keerin and Boongoen (2021), and ma-
trix completion Troyanskaya et al. (2001b); Srebro
et al. (2004); Cai et al. (2008); Candès and Recht
(2008); Mazumder et al. (2010); Hastie et al. (2015);
Gui et al. (2023).

Another approach to matrix imputation involves
deep learning Gondara and Wang (2018); Nazabal
et al. (2020); Vincent et al. (2008); Ivanov et al.
(2019); Mattei and Frellsen (2019); Gong et al.
(2021); Peis et al. (2022), including generative ad-
versarial networks (GAN), such as GAIN Yoon et al.
(2018), GAMIN Yoon and Sull (2020), MISGAN Li
et al. (2019), MI-GAN Dai et al. (2021), and Fragm-
GAN Fang and Bao (2024); deep flow models, such
as Mcflow Richardson et al. (2020), EMFlow Ma and
Ghosh (2021), and AST-CMCN Wang et al. (2022);
and graph neural networks, such as GRAPE You
et al. (2020), GC-MC Berg et al. (2017), IGMC
Zhang and Chen (2019), GINN Spinelli et al. (2020),
GEDI Chen et al. (2023), VISL Morales-Alvarez et al.
(2022), MEGAE Gao et al. (2023), IGRM Zhong
et al. (2023), and other GNN based works Vinas et al.
(2021). In recent works, OT-based imputer Muzel-
lec et al. (2020), MIRACLE Kyono et al. (2021),
and TDM Zhao et al. (2023) proposed refinements
to improve matrix imputation. Self-supervision can
also improve matrix imputation, as demonstrated
in recent works Liu et al. (2024). However, self-
supervision for matrix imputation to learn from noisy
labels is a novel method introduced in our study.

Although many approaches have relied on genera-
tive models, such as GAIN Yoon et al. (2018), HH-
VAEM Peis et al. (2022), and SimpDM Liu et al.
(2024), they rely on single observation as input to im-
pute the missing values, which is difficult to achieve
optimal results on a dataset with a considerable por-
tion of its labels being noisy, given that 16% of our
observations have 0 for all NI probabilities. Alterna-
tively, approaches such as GRAPE You et al. (2020)
rely on multiple observations as input to impute the
missing values, in addition to mean aggregation func-
tion that can also potentially improve the model’s
robustness against overfitting to noisy labels. How-
ever, these model attributes of GRAPE are not spe-
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cific to developing robustness against noisy labels.
Thus, we make new additions to GRAPE, includ-
ing self-supervised loss, weighted averaging data aug-
mentation, and bias mitigation techniques to further
improve the model’s performance in the presence of
noisy labels.

5. Discussion

Compared to the widely adopted method, using
Dirichlet regression, our self-supervised matrix im-
putation approach improves test set RMSE by 14.6%
under similar testing conditions. The accuracy of E-
N matrix probabilities directly impacts the accuracy
of calculated YLDs used to estimate the burden of in-
juries globally, essential to public health and health
policy planning. To highlight the significance of our
work, we conduct case studies focused on motorcycle
accidents, interpersonal violence, car accidents, falls,
and firearms. Details of the case studies are in Ap-
pendix A. In summary, our approach improves aver-
age RMSE by 91.7% for motorcycle accidents, 70.4%
for interpersonal violence, 79.4% for car accidents,
88.3% for falls, and 82.9% for firearms compared to
the existing Dirichlet regression approach.

5.1. Limitations

Our self-supervised matrix imputation approach mit-
igates the effect of noisy labels in our dataset, im-
proving model performance in the presence of noise.
Given the scope of our evaluation focuses on our
dataset, the effectiveness of our approach in improv-
ing model robustness to overfitting to noisy labels
has not been tested on other datasets. In addition,
our approach improves the performance of the im-
putation model in the presence of noisy labels when
removal or correction of noisy labels is not a feasi-
ble option. Thus, our approach is not intended to
be a substitute for perfectly labeled data. Another
consideration with regards to our work is that our
method and the E-N matrix in general are intended
for estimating public health metrics, such as YLDs
of injuries. Since our approach is based on correla-
tions in our dataset and does not make claims about
causal analysis, it is not meant for any scope beyond
predicting estimates for various public health metrics
for different demographics. In terms of technical con-
straints, if a new ECI, NI, or age grouping is added to
our dataset, our model needs to be retrained to accu-
rately make predictions on the newly added data. In

addition to the added time for retraining, performing
the computation and gradient updates for the com-
bined loss, in epochs where combined loss is used,
is approximately 10 times slower for an epoch than
MSE loss used in GRAPE.

6. Conclusion

In this work, we develop a novel approach to esti-
mate NI probabilities given ECI, essential in estimat-
ing burden of injuries for public health and health
policy planning. We benchmark our dataset of 30
million injury cases on 16 existing matrix imputation
models. Additionally, we develop and test our self-
supervised approach to curb the model’s tendency to
overfit to noisy labels. Our approach improves test
set RMSE by 7.36% compared to the best perform-
ing model in benchmarking, reducing Euclidean dis-
tance of NI probabilities by up to 20% among age
groups with similar probabilities and mitigating po-
tential bias in our data using CDA.
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Appendix A. Case Studies

In this section, we conduct case studies comparing
our method to the existing Dirichlet regression ap-
proach under similar testing conditions, focusing on
the ECI of motorcycle accidents, interpersonal vio-
lence, car accidents, falls, and firearms.

Motorcycle Accidents On the ECI of motorcy-
cle accidents, determined based on 930,000 injury
cases from our dataset, our method improves aver-
age RMSE of NI probabilities given the ECI of mo-
torcycle accidents by 26% compared to the existing
method. Globally, for the year 2021, the number of
head injuries due to motorcycle accidents is estimated

to be 932,165 from 6,707,770 motorcycle accidents,
comprising 13.89% Institute for Health Metrics and
Evaluation (IHME) (2024). For moderate and severe
traumatic brain injuries (TBI), an NI in the E-N Ma-
trix, the average RMSE is approximately 4.5% for
the existing method and 0.38% for our method, an
improvement of 91.7%.

Our method also improves average RMSE for mi-
nor TBI by 61.6% compared to the existing method.
Given the large number of estimated motorcycle in-
juries attributable to head injuries in 2021, improving
RMSE for moderate and severe TBI by over 90% has
a significant impact on making these estimates more
accurate. This leads to a more accurate estimation of
YLDs and burden of TBI from motorcycle accidents,
shaping legislation involving helmets to help reduce
the burden of head injuries from motorcycle accidents
globally Du et al. (2020).

Interpersonal Violence In the year 2021, the
number of incidents of interpersonal violence is esti-
mated to be 29,398,470 globally Institute for Health
Metrics and Evaluation (IHME) (2024). Interper-
sonal violence includes all homicide ECIs relating
to physical violence committed against another in-
dividual, including homicide by firearm, knife, and
others. Based on 1,723,964 injury cases from our
dataset, our method reduces average RMSE of NI
probabilities given the ECI of interpersonal violence
by 70.4%. Following trends over time with regards to
interpersonal violence often helps policymakers track
successful policies that can help reduce interpersonal
violence, rendering these estimations of public health
metrics critical for policymaking Mercy et al. (2017).

Car Accidents The ECI of car accidents comprises
1,146,627 injury cases in our dataset and there were
an estimated 19,518,750 car accidents in 2021 globally
Institute for Health Metrics and Evaluation (IHME)
(2024). With our method, the average RMSE of NI
probabilities given the ECI of car accidents is im-
proved by 79.4%. Public health metrics focused on
car accident related injuries have helped policymak-
ers enact legislation to require car manufacturers to
install seat belts Lee et al. (2015); Martin et al. (2018)
and airbags Karlson (1992) in their vehicles, reducing
the burden of car accidents over the past decades.

Falls The year 2021 was estimated to have over
216 million incidents of falls globally for all ages and
sexes Institute for Health Metrics and Evaluation
(IHME) (2024). In our dataset, the falls ECI com-
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prises 13,485,645 injury cases. Using our method,
the average RMSE of NI probabilities given the ECI
of falls is reduced by 88.3%. Given the substantial
number of incidents of falls estimated for 2021 glob-
ally, it is imperative to enact policy to help reduce
the burden of falls, which benefits from more accu-
rately estimating public health metrics to determine
the largest contributing factors, such as age, sex, and
NIs Natora et al. (2022).

Firearms The firearm injury estimation is based
on three ECIs, including physical violence by firearm,
suicide with a firearm, and an unintentional firearm
injury. For the year 2021, there was estimated to be
1,266,596 incidents of physical violence by firearm,
115,867 suicides with a firearm, and 1,785,265 inci-
dents of unintentional firearm injury globally for a to-
tal of 3,167,728 firearm incidents Institute for Health
Metrics and Evaluation (IHME) (2024). Based on
374,547 injury cases from our dataset, our method
improves average RMSE of NI probabilities given the
ECI of interpersonal violence by 82.9%.

Firearm related fatal and non-fatal incidents con-
tribute significantly to public health metrics, such as
YLLs and DALYs, as they disproportionately affect
adolescents and young adults Patel et al. (2022). Re-
garding the legal purchase of firearms, there is a wide
spectrum of policies for firearms globally, such as re-
strictions on who is allowed to purchase a firearm
in a given country or region, in addition to restric-
tions based on mental health history or criminal back-
ground for example Patel et al. (2022); Greenberg
et al. (2024). In illegal purchase and ownership of
firearms, law enforcement interventions are employed
in accordance to policies enacted by different levels
of government Patel et al. (2022); Greenberg et al.
(2024).

Policies and law enforcement interventions for both
the legal and illegal purchase and ownership of
firearms can potentially reduce the burden of firearm
related incidents Patel et al. (2022). It is critical to
provide the most accurate estimates of firearm related
public health metrics by country and sub-national
level over time to demonstrate the impact and effec-
tiveness of the wide spectrum of firearm policy and
intervention.

Appendix B. Loss Evaluation

Self-supervised loss (LD) was created based on the
observation that among certain age groups, NI proba-

bilities are very similar for ECI. This loss is computed
using Euclidean distance of NI probabilities for simi-
lar age groups (see Section 2.3). To assess the impact
of our self-supervised loss, we trained a model with
combined loss for 100 epochs after training the model
for 50,000 epochs using the MSE loss as part of cold
start training discussed in Section 3.2. Our experi-
mental results in Table 2 indicate that larger ΘD val-
ues have a more significant impact on reducing LD.
As indicated in Table 2, the combined loss reduces
LD from 0.221 to 9.05E-3 after 10 epochs and 7.96E-
5 after 100 epochs. However, larger ΘD values result
in an increase of validation and test set RMSE. Fur-
ther, ΘD values smaller than 1E-3 fail to reduce the
LD, which is computed as the average Euclidean dis-
tance of NI probabilities for similar age groups. Our
evaluation results in Table 2 demonstrate that when
ΘD is 5E-3, LD drops by 18.5% while only negligibly
increasing validations and test set RMSE.

Appendix C. Dataset Applications

In the public health field, our dataset could assist
researchers in studying injury patterns, such as the
prevalence of various injuries based on age group,
sex, and country income status. Beyond the field
of injuries and health, learning from noisy labels as
well as preventing models from overfitting to noisy
samples in the data is a problem of interest in ma-
chine learning research in general. Our dataset could
be used for a variety of machine learning research,
including matrix imputation, deep learning, and re-
gression. These methods are susceptible to overfitting
to samples with noisy labels, a common property of
real-world data. Datasets that contain noisy labels
can be used as benchmarks to develop and evaluate
more robust methods against overfitting to samples
with noisy labels. However, there is a limited number
of datasets containing naturally noisy labels, causing
researchers to often add synthetic noise to an oth-
erwise unnoisy dataset Wu et al. (2023). Synthetic
noisy labels are only an approximation of naturally
noisy labels and can result in machine learning meth-
ods performing well on a dataset with synthetic noisy
labels and poorly on a real-world dataset with natu-
rally noisy labels Wu et al. (2023). Thus, our dataset,
which contains naturally noisy labels, can help make
machine learning methods more robust to overfitting
to samples with noisy labels. The level of noise in the
dataset is also an important factor and datasets with
naturally noisy labels that contain over 15% noisy
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Table 2: Self-supervised loss LD for scale factors ΘD with validation and test set RMSE

ΘD
Cold Start Epoch 10 Epoch 100

LD Valid Test LD Valid Test LD Valid Test
1.00E-1 2.21E-1 4.24E-2 5.01E-2 9.05E-3 7.57E-2 8.30E-2 7.96E-5 7.61E-2 8.33E-2
7.50E-2 2.23E-1 4.27E-2 5.02E-2 9.18E-3 7.58E-2 8.30E-2 5.21E-6 7.61E-2 8.34E-2
5.00E-2 2.20E-1 4.26E-2 5.05E-2 9.46E-3 7.56E-2 8.28E-2 5.66E-5 7.61E-2 8.33E-2
2.50E-2 2.21E-1 4.27E-2 5.10E-2 3.75E-2 6.82E-2 7.56E-2 4.77E-2 6.10E-2 6.98E-2
2.00E-2 2.21E-1 4.25E-2 5.05E-2 5.84E-2 6.51E-2 7.31E-2 7.57E-2 5.52E-02 6.36E-2
1.50E-2 2.23E-1 4.27E-2 5.02E-2 1.04E-1 5.28E-2 6.06E-2 1.12E-1 4.93E-2 5.79E-2
1.00E-2 2.21E-1 4.25E-2 5.04E-2 1.57E-1 4.58E-2 5.55E-2 1.45E-1 4.57E-2 5.36E-2
7.50E-3 2.20E-1 4.27E-2 5.02E-2 1.76E-1 4.41E-2 5.36E-2 1.58E-1 4.71E-2 5.64E-2
5.00E-3 2.21E-1 4.26E-2 5.05E-2 1.92E-1 4.48E-2 5.49E-2 1.80E-1 4.32E-2 5.16E-2
2.50E-3 2.21E-1 4.25E-2 5.04E-2 2.07E-1 4.39E-2 5.33E-2 2.02E-1 4.28E-2 4.98E-2
1.00E-3 2.22E-1 4.29E-2 5.02E-2 2.18E-1 4.23E-2 5.05E-2 2.15E-1 4.26E-2 5.00E-2
7.50E-4 2.21E-1 4.26E-2 5.03E-2 2.22E-1 4.22E-2 4.95E-2 2.19E-1 4.31E-2 4.98E-2
5.00E-4 2.23E-1 4.26E-2 5.01E-2 2.22E-1 4.31E-2 5.23E-2 2.20E-1 4.26E-2 5.03E-2
2.50E-4 2.22E-1 4.38E-2 5.35E-2 2.22E-1 4.31E-2 5.31E-2 2.22E-1 4.29E-2 5.05E-2
1.00E-4 2.22E-1 4.26E-2 5.04E-2 2.26E-1 4.31E-2 5.24E-2 2.25E-1 4.27E-2 4.99E-2

labels are more uncommon Song et al. (2022). As
mentioned in Section 2.2.1, 16% of all samples in our
dataset have no injury cases assigned to them, which
is incorrect because there cannot be ECIs with all NI
probabilities set to zero, thus this is the minimum
noise level of our dataset.

Appendix D. Probability Generator

We rely on the probability generator model to learn
from our 7 datasets, 6 of which are generated from
the original dataset using data augmentation tech-
niques to avoid unevenly learning from the datasets.
Further, we use the model to generate probabilities
for a multinomial distribution to sample and select a
dataset to learn from in a given epoch. The dataset
selection probability generator model is an autoen-
coder used in past works for generative tasks. In Fig-
ure 2, we demonstrate the details of the autoencoder
architecture of the probability generator model. The
generator model uses equal probabilities as inputs
and outputs predicted probabilities using the objec-
tive function described in Section 2.3.4.

Appendix E. ECI and NI

This section includes the ICD-9 and ICD-10 codes
used to create the NI groupings in Table 3 and ECI
groupings in Table 4 for our dataset.

Figure 2: The probability generator model is an au-
toencoder with ReLU activation function.
The model uses equal probabilities as in-
puts and outputs predicted probabilities
using the objective function described in
Section 2.3.4.
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Table 3: Nature-of-Injuries code, description, and ICD codes Haagsma et al. (2016).

Code Description ICD-9 ICD-10

N1 Amputation of lower
limbs, bilateral

896.2, 896.3, 897.7 T05.3 , T05.5

N2 Amputation of upper
limbs, bilateral

887.6, 887.7, 888.1, 888.2, 888.9 S68.4

N3 Amputation of fingers (ex-
cluding thumb)

886.0, 886.1 S68.1, S68.6

N4 Amputation of lower limb,
unilateral

896.0, 896.1, 897.0, 897.1, 897.2,
897.3, 897.4, 897.5

S78.0, S78.1, S78.9, S88.9,
S98.0, S98.3, S98.9

N5 Amputation of upper
limb, unilateral

887.0, 887.1, 887.2, 887.3, 887.4,
887.5

S48.9, S58.1

N6 Amputation of thumb 885.0, 885.1 S68.0

N7 Amputation of toe/toes 895.0, 895.1 S98.1

N8 Burns, <20% total burned
surface area without lower
airway burns

941.0, 941.1, 941.2, 941.3, 941.4,
941.5, 942.0, 942.1, 942.2, 942.3,
943.0, 943.1, 943.2, 943.3, 943.4,
943.5, 944.0, 944.1, 944.2, 944.3,
944.4, 944.5, 945.0, 945.1, 945.2,
945.3, 945.4, 945.5, 947.3, 947.4,
947.8, 947.9, 948.0, 948.1, 949.0,
949.1, 949.2, 949.3, 949.4, 949.5

T20.0, T20.1, T20.2, T20.4,
T20.6, T20.7, T21.0, T21.1,
T21.2, T21.4, T21.7, T23.1,
T24.5, T25.0, T25.1, T25.2,
T25.3, T25.4, T25.5, T25.6,
T25.7, T28.3, T28.4

N9 Burns, ≥20% total burned
surface area or ≥ 10%
burned surface area if
head/neck or hands/wrist
involved w/o lower airway
burns

906.5, 906.6, 906.7, 906.8, 906.9,
942.4, 942.5, 946.0, 946.1, 946.2,
946.3, 946.4, 946.5, 948.2, 948.3,
948.4, 948.5, 948.6, 948.7, 948.8,
948.9

T29.6, T31.4, T31.6, T31.8,
T31.9, T32.2, T32.4, T32.9

N10 Lower airway burns 947.0, 947.1, 947.2 T27.3

N11 Dislocation of hip 835.0, 835.1 S73.0

N12 Dislocation of knee 836.0, 836.1, 836.2, 836.3, 836.4,
836.5, 836.6

S83.0

N13 Dislocation of shoulder 831.0, 831.1 S43.0, S43.1, S43.2, S43.3
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Code Description ICD-9 ICD-10

N14 Muscle and tendon in-
juries, including sprains
and strains lesser disloca-
tions

830.0, 830.1, 832.0, 832.1, 832.2,
833.0, 833.1, 834.0, 834.1, 837.0,
837.1, 838.0, 838.1, 839.0, 839.1,
839.2, 839.3, 839.4, 839.5, 839.6,
839.7, 839.8, 839.9, 840.0, 840.1,
840.2, 840.3, 840.4, 840.5, 840.6,
840.7, 840.8, 840.9, 841.0, 841.1,
841.2, 841.3, 841.8, 841.9, 842.0,
842.1, 843.0, 843.1, 843.8, 843.9,
844.0, 844.1, 844.2, 844.3, 844.8,
844.9, 845.0, 845.1, 846.0, 846.1,
846.2, 846.3, 846.8, 846.9, 847.0,
847.1, 847.2, 847.3, 847.4, 847.9,
848.0, 848.1, 848.2, 848.3, 848.4,
848.5, 848.8, 848.9, 905.6, 905.7,
905.8

S03.0, S03.1, S03.2, S03.3,
S03.8, S03.9, S13.0, S13.1,
S13.2, S13.3, S13.4, S13.5,
S13.6, S16.1, S16.2, S16.8,
S16.9, S23.0, S23.1, S23.2,
S23.3, S23.4, S23.5, S33.3,
S43.4, S43.9, S46.1, S46.2,
S46.8, S46.9, S53.0, S53.1,
S53.4, S66.2, S66.3, S73.1,
S76.0, S76.1, S76.2, S76.3,
S76.8, S76.9, S86.0, S86.1,
S86.2, S86.3, S86.8, S93.0,
S93.1, S93.3, S93.4, S93.5,
S93.6, S96.0, S96.1, S96.2,
S96.9, S99.9

N15 Fracture of clavicle,
scapula, or humerus

810.0, 810.1, 811.0, 811.1, 812.0,
812.1, 812.2, 812.3, 812.4, 812.5

S49.0, S49.1

N16 Fracture of face bones 802.0, 802.1, 802.2, 802.3, 802.4,
802.5, 802.6, 802.7, 802.8, 802.9

S02.3, S02.4, S02.5, S02.6, S02.7

N17 Fracture of foot bones ex-
cept ankle

825.0, 825.1, 825.2, 825.3, 826.0,
826.1, 826.6

S92.3, S92.4, S92.5, S92.7, S92.9

N18 Fracture of hand (wrist
and other distal part of
hand)

814.0, 814.1, 815.0, 815.1, 816.0,
816.1

S62.8

N19 Fracture of hip 820.0, 820.1, 820.2, 820.3, 820.8,
820.9, 905.3

S72.0, S72.1, S72.2

N20 Fracture of patella, tibia
or fibula, or ankle

822.0, 822.1, 823.0, 823.1, 823.2,
823.3, 823.4, 823.8, 823.9, 824.0,
824.1, 824.2, 824.3, 824.4, 824.5,
824.6, 824.7, 824.8, 824.9, 905.4

S82.0, S82.1, S82.2, S82.3,
S82.4, S82.5, S82.6, S82.7,
S82.8, S82.9, S89.0, S89.1,
S89.2, S89.3

N21 Fracture of pelvis 808.0, 808.1, 808.2, 808.3, 808.4,
808.5, 808.8, 808.9

S32.5

N22 Fracture of radius and/or
ulna

813.0, 813.1, 813.2, 813.3, 813.4,
813.5, 813.8, 813.9, 905.2

S52.3, S52.4, S52.5, S52.6,
S52.7, S59.0, S59.1, S59.2

N23 Fracture of skull 800.0, 800.1, 800.2, 800.3, 800.4,
800.5, 800.6, 800.7, 800.8, 800.9,
801.0, 801.1, 801.2, 801.3, 801.4,
801.5, 801.6, 801.7, 801.8, 801.9,
803.0, 803.1, 803.2, 803.3, 803.4,
803.5, 803.6, 803.7, 803.8, 803.9,
804.0, 804.1, 804.2, 804.3, 804.4,
804.5, 804.6, 804.7, 804.8, 804.9,
905.0

S02.8, S02.9
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Code Description ICD-9 ICD-10

N24 Fracture of sternum
and/or fracture of one or
more ribs

807.0, 807.1, 807.2, 807.3, 807.4,
807.5, 807.6

S22.2, S22.3, S22.4, S22.8, S22.9

N25 Fracture of vertebral col-
umn

310.2, 805.0, 805.1, 805.2, 805.3,
805.4, 805.5, 805.6, 805.7, 805.8,
805.9, 905.1

S12.0, S12.5, S12.6, S22.0, S22.1

N26 Fracture of femur, other
than femoral neck

821.0, 821.1, 821.2, 821.3 S79.1, T93.1

N27 Minor TBI 850.0, 850.1, 850.2, 850.3, 850.4,
850.5, 850.9

G44.3, S06.0

N28 Moderate/Severe TBI 851.0, 851.1, 851.2, 851.3,
851.4, 851.5, 851.6, 851.7, 851.8,
851.9,852.0, 852.1, 852.2, 852.3,
852.4, 852.5, 853.0, 853.1, 854.0,
854.1. 907.0

S06.1, S06.2, S06.3, S06.4,
S06.5, S06.6, S06.7, S06.8,
S06.9, T90.2

N30 Foreign body in ear 931 T16.0-T16.9

N31 Foreign body in respira-
tory system

933.0, 933.1, 934.0, 934.1, 934.8,
934.9

T17.2, T17.3, T17.4, T17.8,
T17.9

N32 Foreign body in GI and
urogenital system

935.0, 935.1, 935.2, 938.9, 939.0,
939.1, 939.2, 939.3, 939.9

T18.1

N33 Spinal cord lesion at neck
level

806.0, 806.1, 952.0 S14.1, T91.3

N34 Spinal cord lesion below
neck level

806.2, 806.3, 806.4, 806.5, 806.6,
806.7, 806.8, 806.9, 952.1, 952.2,
952.3, 952.4, 952.8, 952.9

S24.0, S24.1, S34.1

N35 Drowning and nonfatal
submersion

994.1 T75.1

N36 Asphyxiation 994.7 T71.1, T71.2

N37 Crush injury 906.4, 925.1, 925.2, 926.0, 926.1,
926.8, 926.9, 927.0, 927.1, 927.2,
927.3, 927.8, 927.9, 928.0, 928.1,
928.2, 928.3, 928.8, 928.9, 929.9

S07.0, S07.1, S07.8, S17.0,
S17.8, S17.9, S38.0, S67.0,
S67.1, S67.3, S67.9, S77.1,
S77.2, S87.8, S97.1, S97.8

N38 Nerve injury 907.1, 907.3, 907.4, 907.5, 907.8,
907.9, 950.0, 950.1, 950.2, 950.3,
950.9, 951.0, 951.1, 951.2, 951.3,
951.4, 951.5, 951.6, 951.7, 951.8,
951.9, 953.0, 953.1, 953.2, 953.3,
953.4, 953.5, 953.8, 953.9, 954.0,
954.1, 954.8, 954.9, 955.0, 955.1,
955.2, 955.3, 955.4, 955.5, 955.6,
955.7, 955.8, 955.9, 956.0, 956.1,
956.2, 956.3, 956.4, 956.5, 956.8,
956.9, 957.0, 957.1, 957.8, 957.9

S04.0, S04.1, S04.2, S04.3,
S04.4, S04.5, S04.6, S04.7,
S04.8, S04.9, S14.2, S14.3,
S14.4, S14.5, S14.6, S14.8,
S34.8, S34.9, S44.5, S54.0,
S54.1, S54.2, S54.3, S64.4,
S64.8, S64.9, S74.0, S74.1,
S74.2, S74.9, S94.0, S94.1,
T13.3, T90.3
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Code Description ICD-9 ICD-10

N39 Injury to eyes 366.2, 870.0, 870.1, 870.2, 870.3,
870.4, 870.8, 870.9, 871.0, 871.1,
871.2, 871.3, 871.4, 871.5, 871.6,
871.7, 871.9, 918.0, 918.1, 918.2,
918.9, 921.0, 921.1, 921.2, 921.3,
921.9, 930.0, 930.1, 930.2, 930.8,
930.9, 940.0, 940.1, 940.2, 940.3,
940.4, 940.5, 940.9

S01.1, S05.0, S05.1, S05.2,
S05.3, S05.4, S05.5, S05.6,
S05.7, S05.8, S05.9, T15.0,
T15.1, T15.8, T26.4, T26.5,
T26.6, T26.8, T90.4

N40 Open wound(s) 872.0, 872.1, 872.6, 872.7, 872.8,
872.9, 873.0, 873.1, 873.2, 873.3,
873.4, 873.5, 873.6, 873.7, 873.8,
873.9, 874.2, 874.3, 874.4, 874.5,
874.8, 874.9, 875.0, 875.1, 876.0,
876.1, 877.0, 877.1, 878.0, 878.1,
878.2, 878.3, 878.4, 878.5, 878.6,
878.7, 878.8, 878.9, 879.0, 879.1,
879.2, 879.3, 879.4, 879.5, 879.6,
879.7, 879.8, 879.9, 880.0, 880.1,
880.2, 881.0, 881.1, 881.2, 882.0,
882.1, 882.2, 883.0, 883.1, 883.2,
884.0, 884.1, 884.2, 890.0, 890.1,
890.2, 891.0, 891.1, 891.2, 892.0,
892.1, 892.2, 893.0, 893.1, 893.2,
894.0, 894.1, 894.2, 900.0, 900.1,
900.8, 900.9, 903.0, 903.1, 903.2,
903.3, 903.4, 903.5, 903.8, 903.9,
904.0, 904.1, 904.2, 904.3, 904.4,
904.5, 904.6, 904.7, 904.8, 904.9,
906.0, 906.1, 906.2

S 01.0, S01.2, S01.3, S01.4,
S01.5, S01.7, S01.8, S01.9,
S08.0, S08.1, S08.8, S09.0,
S09.1, S09.2, S09.3, S10.7,
S11.1, S11.8, S11.9, S15.0,
S15.1, S15.2, S15.3, S15.7,
S15.8, S15.9, S21.0, S21.1,
S21.2, S21.3, S21.4, S21.7,
S21.8, S21.9, S31.8, S41.0,
S41.1, S45.1, S45.3, S51.0,
S51.8, S55.0, S55.1, S55.8,
S55.9, S65.0, S65.3, S65.4,
S65.5, S65.7, S65.8, S65.9,
S71.0, S71.1, S71.7, S75.0,
S75.1, S75.2, S75.8, S75.9,
S81.0, S81.7, S81.8, S81.9,
S85.1, S85.2, S85.3, S85.4,
S85.5, S85.8, S85.9, S95.0,
S95.2, S95.8, T90.1, T93.0
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Code Description ICD-9 ICD-10

N41 Poisoning requiring ur-
gent care

960.0, 960.1, 960.2, 960.3, 960.4,
960.5, 960.6, 960.7, 960.8, 960.9,
961.0, 961.1, 961.2, 961.3, 961.4,
961.5, 961.6, 961.7, 961.8, 961.9,
962.0, 962.1, 962.2, 962.3, 962.4,
962.5, 962.6, 962.7, 962.8, 962.9,
963.0, 963.1, 963.2, 963.3, 963.4,
963.5, 963.8, 963.9, 964.0, 964.1,
964.2, 964.3, 964.4, 964.5, 964.6,
964.7, 964.8, 964.9, 965.0, 965.1,
965.4, 965.5, 965.6, 965.7, 965.8,
965.9, 966.0, 966.1, 966.2, 966.3,
966.4, 967.0, 967.1, 967.2, 967.3,
967.4, 967.5, 967.6, 967.8, 967.9,
968.0, 968.1, 968.2, 968.3, 968.4,
968.5, 968.6, 968.7, 968.9, 969.0,
969.1, 969.2, 969.3, 969.4, 969.5,
969.6, 969.7, 969.8, 969.9, 970.0,
970.1, 970.8, 970.9, 971.0, 971.1,
971.2, 971.3, 971.9, 972.0, 972.1,
972.2, 972.3, 972.4, 972.5, 972.6,
972.7, 972.8, 972.9, 973.0, 973.1,
973.2, 973.3, 973.4, 973.5, 973.6,
973.8, 973.9, 974.0, 974.1, 974.2,
974.3, 974.4, 974.5, 974.6, 974.7,
975.0, 975.1, 975.2, 975.3, 975.4,
975.5, 975.6, 975.7, 975.8, 976.0,
976.1, 976.2, 976.3, 976.4, 976.5,
976.6, 976.7, 976.8, 976.9, 977.0,
977.1, 977.2, 977.3, 977.4, 977.8,
977.9, 978.0, 978.1, 978.2, 978.3,
978.4, 978.5, 978.6, 978.8, 978.9,
979.0, 979.1, 979.2, 979.3, 979.4,
979.5, 979.6, 979.7, 979.9, 980.0,
980.1, 980.2, 980.3, 980.8, 980.9,
981.2, 981.3, 981.5, 981.6, 981.7,
981.9, 982.0, 982.1, 982.2, 982.3,
982.4, 982.8, 983.0, 983.1, 983.2,
983.5, 983.7, 983.9, 984.0, 984.1,
984.3, 984.8, 984.9, 985.0, 985.1,
985.2, 985.3, 985.4, 985.5, 985.6,
985.8, 985.9, 987.0, 987.1, 987.2,
987.3, 987.4, 987.5, 987.6, 987.7,
987.8, 987.9, 988.0, 988.1, 988.2,
988.6, 988.8, 988.9, 989.0, 989.1,
989.2, 989.3, 989.4, 989.5, 989.6,
989.7, 989.8, 989.9

T36.9, T38.8, T38.9, T39.0,
T39.3, T39.8, T39.9, T40.3,
T40.4, T40.5, T40.6, T40.9,
T41.2, T41.4, T42.7, T43.0,
T43.2, T43.4, T43.5, T43.6,
T43.9, T44.6, T44.9, T45.5,
T45.6, T45.7, T45.8, T45.9,
T46.0, T46.1, T46.2, T46.3,
T46.4, T46.5, T46.6, T46.7,
T46.8, T46.9, T47.0, T47.1,
T47.2, T47.3, T47.4, T47.5,
T47.6, T47.7, T47.8, T47.9,
T48.0, T48.1, T48.2, T48.3,
T48.4, T48.5, T48.6, T48.7,
T48.9, T49.0, T49.1, T49.2,
T49.3, T49.4, T49.5, T49.6,
T49.7, T49.8, T49.9, T50.0,
T50.3, T50.4, T50.8, T50.9,
T51.0, T51.1, T51.2, T52.4,
T53.5, T54.9, T56.4, T56.8,
T57.9, T58.1, T58.2, T58.8,
T58.9, T59.0, T59.1, T59.2,
T59.3, T59.4, T59.5, T59.6,
T59.9, T60.9, T61.1, T61.7,
T62.9, T63.8, T65.2, T65.8,
T65.9
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Code Description ICD-9 ICD-10

N42 Severe chest Injury 860.0, 860.1, 860.2, 860.3, 860.4,
860.5, 861.0, 861.1, 861.2, 861.3,
862.0, 862.1, 862.2, 862.3, 862.8,
862.9, 874.0, 874.1, 901.0, 901.1,
901.2, 901.3, 901.4, 901.8, 901.9,
908.0

S11.0, S11.2, S25.0, S25.1,
S25.2, S25.3, S25.4, S25.5,
S25.7, S25.8, S25.9, S26.0,
S26.1, S27.3, S27.4, S27.8,
S28.2, T91.4

N43 Internal hemorrhage in
abdomen and pelvis

863.0, 863.1, 863.2, 863.3, 863.4,
863.5, 863.8, 863.9, 864.0, 864.1,
865.0, 865.1, 866.0, 866.1, 867.0,
867.1, 867.2, 867.3, 867.4, 867.5,
867.6, 867.7, 867.8, 867.9, 868.0,
868.1, 868.3, 869.0, 869.1, 902.0,
902.1, 902.2, 902.3, 902.4, 902.5,
902.8, 902.9, 908.1, 908.2, 908.3

S35.1, S35.2, S35.3, S35.4,
S35.5, S35.9, S36.0, S36.1,
S36.2, S36.3, S36.4, S36.5,
S36.6, S36.8, S37.0, S37.2,
S37.3, S37.4, S37.5, S37.8,
S37.9, T79.6

N44 Contusion in any part of
the body

906.3, 922.0, 922.1, 922.2, 922.3,
922.4, 922.8, 922.9, 923.0, 923.1,
923.2, 923.3, 923.8, 923.9, 924.0,
924.1, 924.2, 924.3, 924.4, 924.5,
924.8, 924.9

S20.0, S30.2, S40.2, S50.0,
S60.2, S60.8, S70.0, S80.0,
S80.1, S80.2, S80.7, S90.0, S90.2

N45 Effect of different environ-
mental factors

991.0, 991.1, 991.2, 991.3, 991.4,
991.5, 991.6, 991.8, 991.9, 992.0,
992.1, 992.2, 992.3, 992.4, 992.5,
992.6, 992.7, 992.8, 992.9, 993.0,
993.1, 993.2, 993.3, 993.4, 993.8,
993.9, 994.0, 994.2, 994.3, 994.4,
994.5, 994.6, 994.8, 994.9

T33.5, T33.8, T34.4, T34.5,
T34.6, T34.7, T67.3, T69.0,
T69.8, T70.8, T75.2

N46 Complications following
therapeutic procedures

995.4, 996.0, 996.1, 996.2, 996.3,
996.4, 996.5, 996.6, 996.7, 996.8,
996.9, 998.0, 998.1, 998.2, 998.3,
998.4, 998.5, 998.6, 998.7, 998.8,
998.9, 999.0, 999.1, 999.2, 999.3,
999.6, 999.7, 999.8, 999.9

T80.3, T80.6, T80.8, T80.9,
T81.1, T81.3, T81.5, T81.6,
T81.7, T81.8, T82.0, T82.1,
T82.2, T82.3, T82.4, T82.5,
T82.8, T83.0, T83.1, T83.2,
T83.4, T83.7, T83.8, T84.4,
T84.8, T85.0, T85.1, T85.2,
T85.3, T85.4, T85.5, T85.6,
T85.8, T86.1, T86.3, T86.8,
T86.9, T87.4, T88.1, T88.2,
T88.6, T88.7, T88.8, T88.9
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Code Description ICD-9 ICD-10

N47 Superficial injury of any
part of the body

910.0, 910.1, 910.2, 910.3, 910.4,
910.5, 910.6, 910.7, 910.8, 910.9,
911.0, 911.1, 911.2, 911.3, 911.4,
911.5, 911.6, 911.7, 911.8, 911.9,
912.0, 912.1, 912.2, 912.3, 912.4,
912.5, 912.6, 912.7, 912.8, 912.9,
913.0, 913.1, 913.2, 913.3, 913.4,
913.5, 913.6, 913.7, 913.8, 913.9,
914.0, 914.1, 914.2, 914.3, 914.4,
914.5, 914.6, 914.7, 914.8, 914.9,
915.0, 915.1, 915.2, 915.3, 915.4,
915.5, 915.6, 915.7, 915.8, 915.9,
916.0, 916.1, 916.2, 916.3, 916.4,
916.5, 916.6, 916.7, 916.8, 916.9,
917.0, 917.1, 917.2, 917.3, 917.4,
917.5, 917.6, 917.7, 917.8, 917.9,
919.0, 919.1, 919.2, 919.3, 919.4,
919.5, 919.6, 919.7, 919.8, 919.9

S00.0, S00.1, S00.2, S00.3,
S00.4, S00.5, S00.8, S00.9,
S10.0, S10.1, S10.8, S10.9,
S20.1, S20.3, S20.9, S30.8,
S40.2, S40.7, S40.8, S40.9,
S50.3, S50.7, S50.8, S70.2,
S70.3, S80.8, S80.9, S90.4,
S90.5, S90.8, S90.9, T00.8,
T00.9, T90.0

N48 Multiple fractures, dislo-
cations, crashes, wounds,
pains, and strains

817.0, 817.1, 818.0, 818.1, 819.0,
819.1, 827.0, 827.1, 828.0, 828.1,
929.0

T02.7, T04.7, T06.3

N51 Reserved Codes - -

N52 Reserved Codes - -

N53 Reserved Codes - -

N54 Reserved Codes - -

N99 Reserved Codes - -
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Table 4: External cause of injury code, description, and ICD codes

Code Description ICD-9 ICD-10

inj-animal-
nonven

Non-venomous an-
imal contact

E906 W52.0-W62.9, W64-W64.9

inj-animal-
venom

Venomous animal
contact

E905 X20-X29.9

inj-disaster Exposure to forces
of nature

E907-E909 X33-X38.9

inj-drowning Drowning E910 W65-W70.9, W73-W74.9

inj-
electrocution

Electrocution E925 W85-W87.9

inj-falls Falls E880-E886, E888 W00-W19.9

inj-fires Fire, heat, and hot
substances

E890-E899, E924 X00-X06.9, X08-X19.9

inj-foreign-
aspiration

Pulmonary aspira-
tion and foreign
body in airway

E911-E913 W75-W75.9, W78-W80.9, W83-
W84.9

inj-foreign-
eye

Foreign body in
eyes

360.5-360.69, 374.86, 376.6,
E914-E914.09

H02.81-H02.819, H44.6-
H44.799

inj-foreign-
other

Foreign body in
other body part

E914-E915 W44-W45, W45.3-W45.9

inj-
homicide-
gun

Physical violence
by firearm

E965 X93-X95.9

inj-
homicide-
knife

Physical violence
by sharp object

E966 X99-X99.9

inj-
homicide-
sexual

Physical sexual vi-
olence

E960.0-E960.9 Y05.0-Y05.9

inj-
homicide-
other

Physical violence
by other means

E961-E964, E967-E969 X85-X92.9, X96-X98.9, Y00-
Y04.9, Y06-Y08.9, Y87.1

inj-mech-gun Unintentional
firearm injuries

E922 W32-W34.9

inj-mech-
other

Other exposure to
mechanical forces

E916-E921 W20-W31.9, W35-W38.9, W40-
W43.9, W45.0-W45.2, W46-
W46.2, W49-W52

inj-non-
disaster

Environmental
heat and cold
exposure

E900-E902, E926 L55-L55.9,
L56.3, L56.8-L56.9, L58-L58.9,
W88-W94.9,

W97.9, W99-W99.9, X30-
X32.9, X39-X39.9
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Code Description ICD-9 ICD-10

inj-
othunintent

Unintentional in-
juries

349.0-349.1, 457.0, E856-E857,
E861-E865, E867-E869, E870-
E876, E878-E879, E880-E886,
E888-E928, E930-E949

L55-L55.9, L56.3, L56.8-L56.9,
L58-L58.9, N30.4, W00-W46.2,
W49-W62.9, W64-W70.9,
W73-W75.9, W77-W81.9,
W83-W94.9, W97.9, W99-
X06.9, X08-X39.9, X47-X48.9,
X50-X54.9, X57-X58.9, Y40-
Y84.9, Y88-Y88.3

inj-
poisoning-
gas

Poisoning by car-
bon monoxide

E862, E868-E869 X47-X47.9

inj-
poisoning-
other

Poisoning by other
means

E856-E857, E861, E863-E865,
E867

X48-X48.9

inj-suicide-
firearm

Self-harm by
firearm

E955 X72-X74.9

inj-suicide-
other

Self-harm by other
specified means

E950-E954, E956-E959 X60-X64.9, X66-X71.9, X75-
X83.9, Y87.0

inj-trans-
other

Other transport
injuries

E800-E807, E830-E838, E840-
E849

V00-V00.8, V05-V05.9, V81-
V81.9, V83-V86.9, V88.2-
V88.3, V90-V98.8

inj-trans-
road-2wheel

Motorcyclist road
injuries

E810.2, E810.3, E811.2, E811.3,
E812.2, E812.3, E813.2, E813.3,
E814.2, E814.3, E815.2, E815.3,
E816.2, E816.3, E817.2, E817.3,
E818.2, E818.3, E819.2, E819.3,
E820.2, E820.3, E821.2, E821.3,
E822.2, E822.3, E823.2, E823.3,
E824.2, E824.3, E825.2, E825.3

V20-V29.9

inj-trans-
road-4wheel

Motor vehicle road
injuries

E810.0, E810.1, E811.0, E811.1,
E812.0, E812.1, E813.0, E813.1,
E814.0, E814.1, E815.0, E815.1,
E816.0, E816.1, E817.0, E817.1,
E818.0, E818.1, E819.0, E819.1,
E820.0, E820.1, E821.0, E821.1,
E822.0, E822.1, E823.0, E823.1,
E824.0, E824.1, E825.0, E825.1

V30-V79.9, V87.2-V87.3

inj-trans-
road-other

Other road injuries E810.4, E810.5, E811.4, E811.5,
E812.4, E812.5, E813.4, E813.5,
E814.4, E814.5, E815.4, E815.5,
E816.4, E816.5, E817.4, E817.5,
E818.4, E818.5, E819.4, E819.5,
E820.4, E820.5, E821.4, E821.5,
E822.4, E822.5, E823.4, E823.5,
E824.4, E824.5, E825.4, E825.5,
E826.3, E826.4, E827.3, E827.4,
E828.4, E829.4

V80-V80.9, V82-V82.9
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Code Description ICD-9 ICD-10

inj-trans-
road-pedal

Cyclist road in-
juries

E800.3, E801.3, E802.3, E803.3,
E804.3, E805.3, E806.3, E807.3,
E810.6, E811.6, E812.6, E813.6,
E814.6, E815.6, E816.6, E817.6,
E818.6, E819.6, E820.6, E821.6,
E822.6, E823.6, E824.6, E825.6,
E826.1

V10-V19.9

inj-trans-
road-pedest

Pedestrian road in-
juries

E810.7, E811.7, E812.7, E813.7,
E814.7, E815.7, E816.7, E817.7,
E818.7, E819.7, E822.7, E823.7,
E824.7, E825.7, E826.0, E827.0,
E828.0, E829.0

V01-V04.9, V06-V09.9

inj-war-
execution

Police conflict and
executions

E970-E978 Y35-Y35.9, Y89.0

inj-war-
terrorism

Conflict and ter-
rorism

E979, E990-E999 U00-U03, Y36-Y38.9, Y89.1

Appendix F. Larger Age Groups

In our approach, larger age groupings were used for
data augmentation and self-supervised loss calcula-
tion. Among the larger age groupings, NI probabili-
ties given ECI are expected to be similar, according
to field experts, including public health scientists and
clinicians contributing to this study. The larger age
groupings, combining the age groups included in the
dataset and the age ranges of individuals associated
with injury cases in the dataset, are provided in Table
5.

Appendix G. Vetting Groups

The larger groupings of ECIs for vetting are included
in Table 6. The description of ECI codes used in
Table 6 can be found in Table 4.

Appendix H. Hyperparameters

The hyperparameters we used for our experiments
are gathered in Table 7, in an effort to make our
contributions reproducible.
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Table 5: Larger age grouping for data augmentation

Age Group ID Age Groups Age Range
1 0, 1 [0, 5)
15 5, 10, 15 [5, 20)
35 20, 25, 30, 35 [20, 40)
70 40, 45, 50, 55, 60, 65, 70 [40, 75)
95 75, 80, 85, 90, 95+ [75, 95+]

Table 6: External causes of injuries groups for vetting

Group
Names

External Causes of Injuries Codes

Poison inj-animal-venom, inj-poisoning-gas, inj-poisoning-other

Physical
Trauma

inj-animal-nonven, inj-disaster, inj-falls, inj-foreign-eye, inj-foreign-other, inj-mech-
other, inj-homicide-knife, inj-homicide-other, inj-othunintent, inj-suicide-other, inj-
trans-road-2wheel, inj-war-execution, inj-trans-road-4wheel, inj-trans-road-other,
inj-trans-road-pedal, inj-trans-road-pedest, inj-trans-other, inj-war-terrorism

Burn inj-fires, inj-electrocution, inj-non-disaster, inj-war-terrorism, inj-disaster, inj-
trans-road-2wheel, inj-trans-road-4wheel, inj-war-execution

Violence inj-homicide-gun, inj-mech-gun, inj-suicide-firearm, inj-war-execution, inj-war-
terrorism, inj-homicide-knife, inj-homicide-other

Firearm inj-homicide-gun, inj-mech-gun, inj-suicide-firearm, inj-war-execution, inj-war-
terrorism

Strangulation inj-foreign-aspiration, inj-drowning

Other inj-non-disaster

773



E-N Injury Matrix Estimation with Self-Supervised Imputation

Table 7: Final hyperparameters

Method Hyperparameters

Random Implementation: Fancyimpute Rubinsteyn and Feldman, fill-method:
”random”, min-value: 0.0, max-value: 1.0

Mean Implementation: Fancyimpute Rubinsteyn and Feldman, fill-method:
”mean”, min-value: 0.0, max-value: 1.0

Dirichlet RG (current) NA

KNN Implementation: Fancyimpute Rubinsteyn and Feldman, k: 5

MICE Implementation: Fancyimpute Rubinsteyn and Feldman, IterativeIm-
puter

EM Implementation: Impyute Law (2017), eps: 0.6

SoftImpute Implementation: Fancyimpute Rubinsteyn and Feldman, convergence-
threshold: 0.00001, max-iters: 1000, max-rank: 57

IterativeSVD Implementation: Fancyimpute Rubinsteyn and Feldman, rank: 56,
convergence-threshold: 0.0000001, max-iters: 1000

Matrix Factorization Implementation: Fancyimpute Rubinsteyn and Feldman, rank: 40,
learning-rate: 0.0002, max-iters: 20, shrinkage-value: 0.0, min-value: 0.0,
max-value: 1

GAIN Implementation: GAIN for Pytorch Brahma (2024), Mini batch size:
2048, Hint rate: 1.0, Alpha: 10

Round Robin MLP Implementation: OT Imputer Muzellec et al. (2020), Random Seed: 1234,
batchsize: 256, lr:5e-4

MIRACLE (Mean) Implementation: MIRACLE Kyono et al. (2021), Seed: Predicted E-N
matrix using the Mean method, n-hidden: 64, reg-m: 0.1, lr: 0.00005,
window: 10, max-steps: 5

MIRACLE (GRAPE) Implementation: MIRACLE Kyono et al. (2021), Seed: Predicted E-N
matrix using the GRAPE method, n-hidden: 64, reg-m: 0.1, lr: 0.00005,
window: 10, max-steps: 5

OT Imputer Implementation: OT Imputer Muzellec et al. (2020), Random Seed: 1234,
batchsize: 256, lr:5e-4, niter: 50000

TDM Implementation: TDM Zhao et al. (2023), Random Seed: 1234, niter:
10000, batchsize: 1024, lr: 5e-4, noise: 0.09, network-depth: 4, network-
width: 3

IGRM Implementation: IGRM Zhong et al. (2023), weight-decay: 0.0000001,
lr: 0.002, known: 0.6, valid: 0.125, epochs: 50000, opt-scheduler: step,
opt-decay-step: 500, opt-decay-rate: 0.94, node-dim: 128, edge-dim: 128,
impute-hiddens: 128, dropout: 0.1, aggr: mean

GRAPE Implementation: GRAPE You et al. (2020), weight-decay: 0.0000001,
lr: 0.002, known: 0.5, valid 0.125, epochs: 50000: opt-scheduler: step,
opt-decay-step: 500, opt-decay-rate: 0.94, node-dim: 256, edge-dim: 256,
impute-hiddens: 256, aggr: mean

Self-supervised
GRAPE(pre-training)

weight-decay: 0.0000001, lr: 0.00125, known: 0.425, valid: 0.125, epochs:
50100, opt-scheduler: step, opt-decay-step: 800, opt-decay-rate: 0.94,
node-dim: 256, edge-dim: 256, impute-hiddens: 256, aggr: mean,
dropout: 0.05, dist-loss-cold-start-delay 50000, dist-loss-delta 0.0002, dist-
loss-proba: 1.00, dist-loss-iter: 10

Self-supervised
GRAPE(fine-tuning)

different parameters from pre-training(lr: 0.00035, epochs: 20100, opt-
decay-step: 250)
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