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Abstract

Given the complexity of trauma presentations,
particularly in those involving multiple areas of
the body, overlooked injuries are common dur-
ing the initial assessment by a clinician. We
are motivated to develop an automated trauma
pattern discovery framework for comprehen-
sive identification of injury patterns which may
eventually support diagnostic decision-making.
We analyze 1,162,399 patients from the Trauma
Quality Improvement Program with a disentan-
gled variational autoencoder, weakly supervised
by a latent-space classifier of auxiliary features.
We also develop a novel scoring metric that
serves as a proxy for clinical intuition in ex-
tracting clusters with clinically meaningful in-
jury patterns. We validate the extracted clus-
ters with clinical experts, and explore the pa-
tient characteristics of selected groupings. Our
metric is able to perform model selection and
effectively filter clusters for clinically-validated
relevance.

Data and Code Availability We use data from
the Trauma Quality Improvement Program (TQIP)
for the years 2017 to 2019 (Committee on Trauma).
This dataset of over 1 million patients in trauma
centers across the US is available to researchers for
“informational and research purposes” upon appli-
cation through their website. The anonymized ver-
sion of the code used in this paper can be accessed
at https://anonymous.4open.science/r/trauma_

injury_clean-CF53.

Institutional Review Board (IRB) Our re-
search does not require IRB approval.

1. Introduction

Trauma injury is one of the leading causes of death
in the United States for the population under 45
years old (CDC, 2023). In 2020 alone, there were
over 200,000 unintentional deaths, with unintentional
falls and motor vehicle traffic accidents leading these
statistics (CDC, 2021a). Trauma management is
difficult because certain injuries may be more fre-
quently overlooked despite standardized frameworks
to assess trauma patients; approximately 15% to
22.3% of missed trauma injuries were clinically sig-
nificant (Pfeifer and Pape, 2008). Primary and sec-
ondary surveys are carried out to assess and treat
life-threatening injuries rapidly. Trauma programs
often perform a tertiary survey to identify any missed
injuries during the initial evaluation. Earlier identifi-
cation of injuries can help avoid long-term injury and
guide adequate treatment.

The medical literature has identified numerous
trauma injuries that occur in groups or as patterns.
For example, if a patient has a severe deceleration in-
jury after a motor vehicle accident, along with an un-
stable “seatbelt” spine fracture, then the incidence of
co-occurring intra-abdominal injuries can be as high
as 89% (Tyroch et al., 2005). While there are injury
patterns such as above that are well known in the
clinical community, there has not been to date a com-
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prehensive identification of trauma injury patterns.
Historically, trauma pattern discovery has been an
ad-hoc process based on the intuition and experience
of a surgeon, primarily conducted within a small co-
hort at a single institution using classical statistics
or rule-based methods. In addition to the low like-
lihood of identifying complex or rare patterns, the
status quo suffers from small sample size and hos-
pital and system bias, limiting the clinical relevance
and generalizability of the identified patterns.

In this paper, we investigate the identification of
injury patterns from the Trauma Quality Improve-
ment Program (TQIP) – a large national trauma care
database with over 1 million trauma patients col-
lected from more than 875 participating trauma cen-
ters across the US (Committee on Trauma). Identifi-
cation is a challenging problem as such patterns are
unknown, and must be identified from retrospective
sources for clinical validation. We pair an unsuper-
vised disentangled variational autoencoder (�-VAE)
with a multi-label classifier in the latent space, to
efficiently create a latent space embedding. We use
clinical diagnoses as input for reconstruction, and im-
portant clinical features such as age, mechanism of
injury, correlation of the injury with mortality, and
the Glasgow Coma Scale (GCS) as weak supervision.
We use multilayer perceptron (MLP) classifiers to en-
force self-organization in the latent space, i.e., such
that groups with similar injury patterns will be clus-
tered together.

After latent space clustering, we use a novel metric
designed as a proxy for clinical relevance to extract
injury patterns from identified subgroups. In clin-
ical validation, our approach successfully identifies
subgroups with known strongly associated patterns,
such as the high occurrence of traumatic brain injury
(TBI) in fall-related injuries with head injuries (Jager
et al., 2000) and the combination of TBI and acetab-
ular (hip-joint) fractures in motor vehicle collisions
(Vella et al., 2017).

The main contributions of our work are:

1. We provide the first comprehensive exploration
of injury patterns in the 2017-2019 TQIP patient
cohort, developing a weakly supervised approach
with auxiliary tasks that create a meaningful la-
tent representation.

2. We demonstrate the utility of our proposed clini-
cal relevance score (CR score) for effective model
selection and filtering of clustering results.

3. We identify six subgroups of high clinical value,
and analyze the associated injury patterns
within the context of their typical mechanism of
injury and other patient characteristics.

2. Related Works

2.1. Unsupervised and Weakly-supervised
Representation Learning

Unsupervised representation learning seeks to iden-
tify patterns in the data without explicit labels.
Weakly-supervised representation learning seeks to
incorporate the added influence of some limited or
imprecise signal. Specifically, we consider the �-VAE,
a model proposed by Higgins et al. (2017) as a mod-
ification of the original VAE (Kingma and Welling,
2013) to encourage more disentanglement in the la-
tent space. It has since been widely applied to au-
tomate the discovery of interpretable latent struc-
tures within data (Higgins et al., 2021; Li et al.,
2021; Krajewski et al., 2018). The �-VAE is of-
tentimes enhanced with auxiliary features to learn
in a weakly-supervised manner (Xie and Ma, 2019;
Satheesh et al., 2021; Crespi et al., 2021; Sá and
Roditi, 2021; Hsu and Lin, 2023). Our work seeks to
identify clinically relevant trauma injury subgroups
within the unlabeled data using the �-VAE frame-
work augmented with weakly-supervised auxiliary
classification features.

2.2. Domain-Guided Score

Evaluation of discovered clusters is difficult due to the
lack of ground truth labels. Correctly interpreting the
importance of a cluster oftentimes requires domain
knowledge. Past works have addressed this challenge
by incorporating scores measuring usefulness or rele-
vance into clustering algorithms (Chang et al., 2017;
Andreeva et al., 2020; Wenz et al., 2021). Specifi-
cally, Chang et al. (2017) used a polygenic risk score
as the domain-specific score to guide their clustering
of chronic obstructive pulmonary disease patients.

In the trauma care domain, the Glasgow Coma
Scale (GCS), revised trauma score (RTS), injury
severity score (ISS), and abbreviated injury scale
(AIS) are widely used in the assessment of trauma
patients during triage and the improvement of care
(Lecky et al., 2014). However, most of the established
scores require patient-specific assessment by clinical
experts, which is time-consuming and laborious work
for the experts. Many scores are also not capable
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of identifying co-occurring injuries. In light of the
shortcomings of established scores, we develop our
own cluster relevance score with the aid of domain
experts (see Sec. 4.4). In contrast to prior works, we
use the score as a means for evaluation and model
selection, instead of a constraint during clustering.

2.3. Pattern Discovery in Traumatic Injuries

Trauma data is often high-dimensional and consists of
complex and heterogeneous clinical and demographic
information, making it difficult to identify meaningful
patterns directly. The identification of trauma injury
patterns is oftentimes conducted in cohorts with a
small sample size (� 5; 000), for a specific trauma pa-
tient population (DGU et al., 2015; Chichom-Mefire
et al., 2018). For instance, association rule mining
has also been used to identify 77 individual-based in-
jury patterns in multi-trauma road users (Fagerlind
et al., 2022). Ensemble classifiers have been used to
detect vascular injury in trauma care (Metzger et al.,
2015). The closest previous work to ours is the un-
supervised mining of temporal injury patterns in the
larger dataset of general trauma patients (� 500,000)
with restricted Boltzmann machine (Mehrabi et al.,
2015). The focus of this work differs from ours, how-
ever, as we are not interested in the progression of
the patient’s condition over time. To the best of our
knowledge, weakly-supervised representation learn-
ing has not been applied to conduct general injury
pattern discovery in such a large, heterogeneous co-
hort of trauma patients.

3. Data and Preprocessing

3.1. Cohort Selection

We include patients from the 2017-2019 TQIP
database. As we do not detect any significant tempo-
ral shift in the data, we aggregate the patient cohorts
across the years (Section E.4). Patients are excluded
when they (1) are younger than 16 years of age at
the time of record, or (2) are reported dead on ar-
rival. The selected cohort consists of n = 1,162,399
patients, with a 78-22 split into train set (ntrain =
903,267) and test set (ntest = 259,132). Each patient
record is uniquely included in either set.

3.2. Preprocessing of Injury Codes and
Auxiliary Features

An International Classification of Disease (ICD) code
is a seven-character, globally used code to categorize
disease. We truncate ICD-10 trauma codes (codes
that start with an ‘S’ or a ‘T’) to the first four char-
acters, thus including the highest level of their sub-
category. Non-trauma ICD-10 codes are shortened
to their main category (first three characters). After
truncation, we have a set of 1,317 unique codes. The
top 500 most frequent codes are selected, in order to
exclude the more uncommon diagnoses (Section B).
The highest frequency injury code is “Multiple frac-
tures of ribs” with a prevalence of 15.9% and the low-
est frequency code is “Hypertensive heart and chronic
kidney disease” with a prevalence of 0.03%. For each
patient, the set of diagnosed conditions is binarized
to form the input feature vector x.

We refer readers to Appendix A for a detailed de-
scription of how the auxiliary features of age, the
mechanism of injury, GCS, and high-risk injuries are
preprocessed to the feature vector c. The mechanism
of injury consists of eight categories describing the
mechanism by which the patient was injured (Ta-
ble 4). GCS is a measure of patient responsiveness
and serves as a proxy for the degree of traumatic
brain injury (Table 5). High-risk injuries are injuries
that are highly associated with mortality, and are
thus important to be identified early (Table 7).

4. Methods

Suppose we have a dataset of n patients, each with an
input binary feature vector x of injury codes. We also
have a normalized vector c of the auxiliary features
per patient.

4.1. Disentangled Variational Autoencoder

We use a standard �-VAE framework (Higgins
et al., 2017) for learning the latent representations
of trauma injuries. The encoder compresses input
information into a latent representation, which the
decoder samples from and seeks to reconstruct the in-
put. Specifically, distribution q�(zjx) encodes x to la-
tent vector z, while distribution p�(xjz) decodes sam-
pled z to reconstructed xrecon. � and � parameterize
their respective distributions. We use an isotropic
unit Gaussian N (0; 1) as the latent prior p(z). VAEs
are trained by maximizing the evidence lower bound
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Figure 1: Our � -VAE Classi�er framework for injury pattern discovery consists of �ve components: (1)
the � -VAE learns a latent space, (2) a classi�er of auxiliary features provides weak supervision,
(3) clustering is performed on the latent space (4) the CR score selects clusters with clinically
interesting injury patterns, (5) selected injury patterns are validated by clinical experts.

(ELBO). In practice, we train the model to minimize
the objective function:

ELBO = � Eq� (zjx ) logp� (xjz) + �D KL
�
q� (zjx)jjp(z)

�

We implement the encoderq� (zjx) as a two-layer
MLP that learns the mean � and variance� of the dis-
tribution q� (zjx). We implement the decoderp� (xjz)
as a two-layer MLP with sigmoid activation. Code
uses Tensor
ow 2.4.1 (Abadi et al., 2015). We set a
latent representation of dimension 64. All models are
trained for 100 epochs at a learning rate of 0.001.

4.2. Latent Space Classi�er with Auxiliary
Features

The auxiliary classi�er f  (cjz), parameterized by  ,
predicts c from z. Classi�er loss is implemented as bi-
nary cross-entropy and added to the ELBO loss with
weight 
 . The �nal loss function of the � -VAE Clas-
si�er model is:

L = � Eq� (zjx ) logp� (xjz) + �D KL
�
q� (zjx)jjp(z)

�

� 

1
n

nX

i

dim( c)X

j

cij log(f  (cij jzij ))

4.3. Clustering

We use K-Means clustering with Euclidean dis-
tance and K = 30 as the number of clusters.
We motivate this choice in Appendix E. We use
the sklearn.clustering library for the implementation
(Buitinck et al., 2013).

4.4. Clinical Relevance Score

The CR score consists of four submetrics.

Body-Spatial Submetric (bs) Trauma injury
patterns that contain injuries that are spatially far
apart and span multiple body regions are of greater
clinical interest, since they are often indicative of
complex injury patterns. Injuries are categorized into
the ten anatomical regions given by the highest level
of the ICD-10 hierarchy. We represent each region as
a node in a connected graph. The body-spatial sub-
metric bs(�; �) is the path length between two nodes,
normalized to [0; 1].
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Figure 2: The anatomical graph for computing the
body-spatial metric.

Internal-External Submetric (ie) External in-
juries can often serve as warning signs for important
correlated internal injuries that can be detected early
through a screening procedure. See Table A for the
set of injuries assigned non-zero weightswi . For a
pair of injuries h1 and h2 with internal weights wi 1

and wi 2 , the metric is computed as:

ie(h1; h2) =

(
abs(wi 1 � wi 2 ) if wi 1 6= wi 2

wi 1 =2 if wi 1 = wi 2

We also down-weight super�cial injuries by returning
ie(�; �) = � 1 if the pair contains a super�cial injury.

High-Risk Submetric (hr) We refer to the same
list of 50 high-risk injuries as de�ned in the auxiliary
feature preprocessing (see Section A). Each high-risk
injury (Table 7) adds 0.5 to the submetric hs(�; �).

Correlation (corr) We use the already computed
Pearson correlation of the injury pairs for the output
of the corr (�; �) function.

Algorithm for Computing CR Score Default
hyperparameter values are noted in parentheses.

As input, we have cluster labels and patient injury
codes. We include clusters with more thanS� number
of patients (S� = 259, or 0.1% of test cohort size).
For a particular cluster, we select injuries that occur
at a frequency higher than threshold � (� = 0.04).
We compute the Pearson correlation between pairs
of injuries. We select the top S� pairs of injuries as
ranked by correlation (S� = 50). We remove pairs
with a correlation less than threshold � (� = 0 :25).

For all pairs of injuries ha and hb, we compute the
weighted score:

w = wbs � bs(ha ; hb) + wie � ie(ha ; hb)

+ whr � hr (ha ; hb)

If the injury pair has w > 0, we add the correlation
submetric and compute the �nal CR score as:

CR score = w + wcorr � corr (ha ; hb)

For all pairs with a positive CR score, we merge pairs
with shared injuries into larger sets to form injury
patterns. We average the CR score across all pairs
to compute the CR score for the cluster, and average
across all valid clusters to compute the CR score for
the model.

We compute the CR score on the test cohort.The
default weights for the CR score submetric
are: wbs = 0 :5; wie = 0 :2; whr = 0 :2; wcorr = 0 :1.
These values are determined jointly with our collab-
orating clinicians, and re
ect their preferences for
what counts as \clinically meaningful". We have the
highest weight for the body-spatial submetric, since
injury patterns that are further apart in the body
are associated with more complex patterns. Internal-
external relationships and high-risk injuries are given
the same weight, while correlation is given the least
weight.

4.5. Model Baselines

As baselines for the� -VAE Classi�er framework, we
consider the vanilla � -VAE without the classi�er as
well as singular value decomposition (SVD). SVD is a
linear dimensionality reduction method that relies on
matrix factorization. SVD is implemented with Trun-
catedSVD from the sklearn library (Buitinck et al.,
2013). The chosen baselines are appropriate because
SVD serves as a simple, but robust baseline, while
the vanilla � -VAE models the completely unsuper-
vised setting without auxiliary information.

4.6. Evaluation

4.6.1. Auxiliary Task Evaluation

To evaluate model performance in the auxiliary task,
we use standard binary classi�cation metrics such as
the area under the ROC curve (AUC), the F1 score,
recall, and precision (Hossin and Sulaiman, 2015).
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4.6.2. Unsupervised Clustering Evaluation

For the evaluation of the unsupervised representa-
tions, we use two common metrics: the silhouette
coe�cient (Silh. Coef.) (Rousseeuw, 1987) and the
Calinski-Harabasz Index (CH Index) (Calinski and
Harabasz, 1974). The silhouette coe�cient measures
how well points group within their own cluster in
comparison with neighboring clusters. The silhouette
coe�cient ranges from [ � 1; 1], with a more positive
score indicating denser and better-separated clusters.
The CH index measures the ratio of between-cluster
variance (larger better) and within-cluster variance
(smaller better). A higher CH index indicates better
clustering. Since we have the same dimension size
and normalize the latent space before evaluation, the
CH index is comparable across representations (Buit-
inck et al., 2013). We use these metrics as we may
expect well-de�ned clusters with better unsupervised
clustering metrics to also contain strongly associated
injury patterns with higher clinical relevance.

Moreover, the clustering is also evaluated with our
developed CR score and a manually generated Expert
Rating with clinical experts.

5. Results

5.1. Model Performance on Auxiliary
Classi�cation Tasks

Metrics SVD BetaVAE
BetaVAE
Classi�er

AUC
0.793
(� 0.096)

0.821
(� 0.100)

0.842
( � 0.094)

F1
0.401
(� 0.347)

0.432
(� 0.354)

0.488
( � 0.345)

Recall
0.384
(� 0.363)

0.406
(� 0.366)

0.457
( � 0.367)

Prec.
0.585
(� 0.269)

0.605
(� 0.284)

0.618
( � 0.283)

Table 1: Model performance averaged on 12 auxiliary
tasks across 5 randomized runs with 95%
con�dence intervals.

First, we evaluate the performance of the� -VAE
Classi�er model as compared to the baseline mod-
els on the supervised classi�cation task of predicting
auxiliary features from the latent space (Table 5.1).

Note, while auxiliary tasks are not the goal of our
work, good performance indicates that weak supervi-
sion is helping the representations converge to mean-
ingful spaces. We �nd that, on average, the � -VAE
Classi�er outperforms the � -VAE and SVD model
(AUC 0.842 vs. 0.821 vs. 0.793) on all 12 tasks.
See Appendix C for further details.

5.2. Evaluating Latent Space Clustering with
CR Score

Next, we evaluate the learned latent space cluster-
ings of the � -VAE Classi�er model against baselines
for the injury pattern discovery task. In terms of
unsupervised clustering metrics, we see in Table 5.2
that the � -VAE Classi�er performs best for the CH
index, while the SVD model performs best for the sil-
houette coe�cient. The higher silhouette coe�cient
for the SVD model may be explained by the presence
of small, compact clusters at a considerable distance
from the main cluster density (Figure 5). The clus-
ters of the � -VAE Classi�er are better separated than
the clusters of the � -VAE, due to the auxiliary weak
supervision. We note that the two clustering metrics
disagreeon the model type with the best clustering.
This disagreement further motivates the need for a
more direct clinical metric to evaluate cluster qual-
ity.

Metrics SVD BetaVAE
BetaVAE
Classi�er

CR Score
0.104

(� .003)
0.116

(� 0.020)
0.140

( � 0.003)

Silh. Coef.
0.123

( � 0.007)
0.043

(� 0.007)
0.064

(� 0.004)

CH Index
253.7

(� 10.7)
181.8

(� 11.6)
327.3

( � 18.2)

Table 2: Evaluation of latent representations across
5 randomized runs with 95% con�dence in-
tervals.

In terms of the CR score (Table 5.2), the � -VAE
Classi�er (CR = 0.140) performs better than the
vanilla � -VAE (CR = 0.116), which performs bet-
ter than the SVD (CR = 0.104). The addition of the
auxiliary signal seems to induce the learning of more
meaningful clusters.
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Now, we qualitatively validate that the CR score
is able to capture the concept of clinical relevance
better than the clustering metrics by examining the
cluster output manually. We observe that head in-
juries tend to dominate the cluster composition in
the SVD and � -VAE model (percent containing head
injuries = 52.6% and 57.9%, respectively). This dom-
inating e�ect is undesirable and is much less present
in the � -VAE Classi�er (percent containing head in-
juries = 22.7%). Instead, the clusters often span
multiple body regions. We observe injury patterns
such asf Fracture of thumb, Traumatic amputation
of thumbg and f Injury of radial artery at wrist and
hand level, Fracture of lower end of radiusg for the
� -VAE Classi�er that we do not see in the baseline
models. To summarize, VAE models capture more
variety of injury patterns, and the � -VAE Classi�er
is able to capture patterns spanning more body re-
gions than the vanilla � -VAE.

5.3. Validating the Model Selection Capacity
of the CR Score

To illustrate the capacity of the CR score for nu-
anced model selection in addition to evaluation, we
�rst train a pool of 50 candidate � -VAE Classi�ers
(� = 5 ; 
 = 1). We then compare the clinical rele-
vance of the model with the best silhouette coe�cient
and CH index (\Unsup Top Model") to the model
with the best CR score (\CR Top Model"). We ana-
lyze the performance of these two models as \CR Top
Model" is the best model according to our developed
metric, while \Unsup Top Model" is the model we
would have picked if we don't have access to the CR
score.

Metrics
Unsup Top
Model

CR Top
Model

Silh. Coef. 0.092 0.037
CH Index 497.5 233.0
CR Score 0.144 0.168
Expert Rating 1.034 1.227

Table 3: Evaluation of latent representations of the
best model by clustering metrics (Unsup
Top Model) and the best model by the CR
score (CR Top Model).

As shown in Table 5.3, the di�erence in the CR
Score between the two models is discernible but not
large. To assess whether this di�erence is clinically
perceptible, a collaborating clinician (blinded to clus-
ter source method) labeled the clusters on a scale
from 0 to 2 based on how \clinically relevant and in-
teresting" they believed each cluster to be. Higher is
more clinically relevant. We average these scores per
model to form the Expert Rating.

We �nd that the best model chosen by clustering
metrics versus that chosen by CR have an Expert
Rating of 1.034 versus 1.227 respectively (Table 5.3).
The trend in the Expert Rating concurs with the
trend in the CR score. Qualitatively, the clinicians
also remarked that the Unsup Top Model has a higher
proportion of clusters with expected injury patterns
that would not be of interest, such as: f \Traumatic
pneumothorax (collapsed lung)", \Multiple fractures
of ribs"g, f \Fracture of lower end of ulna (fore-
arm bone)", \Fracture of lower end of radius (fore-
arm bone)"g, and f \Fracture of nasal bones", \Open
wound of nose"g. See Section F.1 for additional anal-
ysis.

6. Tuning Submetrics to Customize
CR Score

The submetric weights of the CR score in the pre-
vious result sections are tuned to roughly approxi-
mate the clinical intuition of our collaborating clin-
icians. A better understanding of the typical injury
patterns favored by each submetric can aid in the
tuning process of adapting the CR score to di�erent
clinical tasks. In this section, we explore the in
u-
ence of each submetric on the extracted injury pat-
terns. In each submetric section, we set the submet-
ric to the maximum value. For instance, to analyze
the body-spatial metric, we would de�ne the weights
(wbs = 1 ; wie = 0 ; whr = 0 ; wcorr = 0).

Body-Spatial Submetric (bs) The body-spatial
submetric favors clusters with complex injury pat-
terns spanning multiple body regions. The further
apart the injuries are located on the body, the higher
the value will be. We observe that the top extracted
clusters can concurrently span the head, thoracic,
abdominal, and extremity regions. We also observe
clusters with injury patterns such as f \Fracture of ac-
etabulum (hip bone)", \Fracture of radius (forearm
bone)", \Fracture of calcaneus (heel bone)"g. Al-
though this fracture pattern only spans extremities,
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the injuries themselves are spatially far as the lower
arm is far from the foot according to Figure 2.

Internal-External Submetric (ie) This submet-
ric awards pairs of injuries in which one is external
and one is internal. The top clusters as ranked by this
submetric will almost certainly discover some varia-
tion of the injury patterns: f \Traumatic pneumoth-
orax (collapsed lung)", \Multiple fractures of ribs" g
and f \Fracture of base of skull", \Traumatic subdu-
ral hemorrhage (brain bleed)"g. Note that although
both patterns contain internal and external injuries,
the patterns themselves are not as clinically interest-
ing due to how common and expected they are.

The utility of the internal-external submetric, how-
ever, lies in awarding patterns such asf \Injury of
colon", \Injury of small intestine", \Injury of other
intra-abdominal organs", \Injury of iliac blood ves-
sels (abdominal)", \Fracture of ilium (pelvic bone)" g.
Here, the fracture is the visible external presentation
of the harder-to-detect internal injuries of the colon
and other intra-abdominal organs. Discovering such
injury patterns can aid with diagnosis as the pres-
ence of external injuries can alert the clinician to the
potential co-occurrence of internal injuries character-
ized by the pattern.

High-Risk Submetric (hr) The utility of the
high-risk submetric is fairly self-evident, as it is
important to identify clusters that contain injuries
highly correlated with patient mortality. The early
detection of high-risk injuries can improve trauma
management. A few injury pattern types that we
typically observe when we rank by the high-risk sub-
metric are:

1. Severe head injuries: typically some combina-
tion of cerebral edema (brain swelling), hemor-
rhage, and fracture of some part of the skull.

2. Spine fractures: typically fractures of two or
more contiguous vertebrae, such as the fracture
of the �rst and second cervical (neck) vertebra.

3. Thoracic injuries : typically some combination
of traumatic hemopneumothorax (bleed in a col-
lapsed lung), 
ail chest (unstable chest wall), and
rib fractures.

Correlation (corr) If we rank by correlation, then
we will mostly discover clusters with injuries that
have expected associations. The pattern may charac-
terize the injuries that are spatially near or are caused
by a single, clear mechanism of injury. We obtain

fractures of neighboring bones (e.g. acetabulum (hip)
and pubis (pelvis)) and internal organs (e.g. kidney,
pancreas, liver, gallbladder, and bile duct). Interest-
ingly, we also observe a higher occurrence of milder
severity injury patterns. For instance, we observe
patterns of sprain injuries (e.g. sprain of collateral
ligament (outer knee) of knee and tear of meniscus
(inside the knee)) and of non-trauma-related condi-
tions (e.g. essential hypertension (high blood pres-
sure) and respiratory failure).

7. Case Study

Now, with our tuned model and CR score, we provide
a clinician-validated analysis of trauma injury sub-
groups in the TQIP 2017-2019 patient cohort. We
present these clinical results as a demonstration of
how our framework can be utilized to conduct retro-
spective analysis for the discovery of clinically rele-
vant injury patterns.

7.1. Setup

For 50 randomized runs of the� -VAE Classi�er, we
aggregate all cluster outputs and ranked the clusters
by the CR score. We present the ranked list to the
clinician. The clinician identi�es six subgroups of in-
terest (see Figure 3). The six subgroups span three
mechanisms of injury: penetrating trauma, falls, and
motor vehicle accidents.

7.2. Penetrating Trauma Subgroups

Penetrating trauma (Mech D) is an open wound in-
jury caused by a foreign object piercing the skin, such
as gunshots or stab wounds injury (Fitch et al.). We
identify Cluster O and Cluster P as two clusters
that highlight the importance of the assessment of
abdominal vascular trauma (blood vessel injury in
the abdominal area). Abdominal vascular trauma is
rare, but when it does occur, high mortality rates are
seen up to 60% of all cases (Kobayashi et al., 2016).
Cluster O includes an injury to the iliac and femoral
vessels (abdominal blood vessels).Cluster P also
represents an injury to the iliac vascularity. Iliac ves-
sel injuries are uncommon, but among the most lethal
and challenging injuries, and patients often arrive in
shock secondary to massive blood loss (Kim et al.,
2016). When abdominal vascular injury is suspected,
immediate attempt to control the bleeding is essen-
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Figure 3: Visualization and patient characteristics of the six subgroup clusters that we discuss in Section 7.
In the UMAP, we show patients in the selected subgroup in red. The remaining clusters are colored
on a gradient from yellow to purple. We denote the high-risk group with the green, dashed box.
High-risk injuries are bolded in the injury pattern descriptions. We highlight items of interest with
the color red.
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