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ABSTRACT
In biomedical data analysis, inferring the cause of death is a chal-
lenging and important task, which is useful for both public health
reporting purposes, as well as improving patients’ quality of care
by identifying severer conditions. Causal inference, however, is
notoriously di�cult. Traditional causal inference mainly relies on
analyzing data collected from experiment of speci�c design, which
is expensive, and limited to a certain disease cohort, making the
approach less generalizable.

In our paper, we adopt a novel data-driven perspective to analyze
and improve the death reporting process, to assist physicians iden-
tify the single underlying cause of death. To achieve this, we build
state-of-the-art deep learning models, convolution neural network
(CNN), and achieve around 75% accuracy in predicting the single
underlying cause of death from a list of relevant medical conditions.
We also provide interpretations for the black-box neural network
models, so that death reporting physicians can apply the model
with better understanding of the model.
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• Computing methodologies → Causal reasoning and diag-
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1 INTRODUCTION
Physicians and medical examiners are faced with the challenges of
inferring causes of death in their death reporting routine. When a
death case occurs in hospital, for example, a physician will �le a
death certi�cate to the state agency, summarizing the demographics,
a sequence of up to 20 medical conditions relevant to the death,
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coded using ICD-10 standards, and a single underlying cause of
death the physician thinks most probable. These mortality data
are �nally aggregated and recorded by the national vital statistics
system of the national center for health statistics (NCHS).

With more and more such death certi�cates available, it is natu-
ral for us to wonder: can we utilize the large-scale observational
datasets, to build a causal inference model that can identify the
cause of death based on the observations?

Causal inference, which aims to uncover the mechanism behind
observations or predict the e�ect of an intervention to the system,
is an important task in biomedical data analysis. Identifying the
causes of diseases and deaths will facilitate public health reporting
process, and improve individual’s quality of care by guiding design
of treatment for diseases.

Such causal inference tasks are notoriously di�cult, as for each
patient, we can only observe one of all the potential outcomes, and
to determine the causal e�ect, we need to compare the observed
ones against all others with some approximation schemes. Several
biomedical studies have studied the causal structures inside pa-
tients with one type of disease, and design random or non-random
experiments to analyze the causal e�ects. These studies provide
great insight into the diseases they studied, but there are certain
limitations to it: collecting experimental data is expensive and time-
consuming; moreover, in a general hospital setting, physicians and
nurses might be dealing with a combination of complicated medi-
cal conditions, and need to prioritize the treatment and resource
allocation, which requires better understanding of the e�ect of
combination of medical conditions, and current studies on one type
of disease might be insu�cient.

In this study, we take a novel approach, to study death certi�cates
data and build predictive model to assist physicians in identifying
the single underlying cause of death.

To predict the single cause of death, given the input as a sequence
of conditions, poses several challenges: 1) The input sequence of
conditions is highly unstructured, so if we are to use traditional one-
hot vector to represent each of the conditions, we will be dealing
with large dimension of inputs, and succeeding feature extraction
will require large computation resources. 2) Since essentially we
are selecting one medical condition out of a list of conditions, and
each death certi�cate will be di�erent, we need to seek a model
that can adaptively process inputs of di�erent lengths, and predict
accordingly.

To address such challenges, inspired by the recent success of
deep learning, we propose to apply deep learning, speci�cally con-
volutional neural networks, to build our causal inference model.
Deep learning has shown great performance in processing raw data
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Figure 1: Overall Architecture. In this paper, we analyze a causal inference task originating from the death reporting process.
In the process, for each of the death case, the physician will select a sequence of medical conditions, coded in ICD-10 standard,
that is most relevant to death, and identify one condition as the underlying cause of death. To predict the cause of death using
the sequence as input, we build a convolutional neural network, and provide interpretations of the model’s prediction for
physicians.

in various formats and obtain trainable representation speci�c to
the tasks, and deep learning structures can be con�gured to adapt
to inputs of di�erent shapes [8].

Our model will facilitate the further analysis of causality mod-
eling in several aspects: 1) although our current model is build
on NCHS mortality data, it is directly transferrable to analyzing
more speci�c electronic health records data (EHR) during hospital
admission. By parsing EHR to a sequence of observed conditions
format, we can identify the most likely cause of death, which can
help physicians attend more to important conditions, thus improv-
ing the quality of care. 2) another advantage with deep learning
models lie in the distributed representations of the input medical
conditions, and such representation is universal and can be applied
to other data analysis tasks to understand the relationships between
them better.

The overall model structure is presented in Fig. 1.
Our contribution in this paper is mainly two-fold:
• We designed a convolutional neural network (CNN) model

to identify the underlying cause of death from a list of rel-
evant medical conditions using death certi�cates data, and
achieved about 75% accuracy, a signi�cant performance
improvement over the conventional methods.

• We illustrated how we can interpret the black-box deep
learning models, so that physicians can understand and
choose whether to adopt the machine prediction.

In the rest of the paper, we �rst review related work on cause of
death, causal inference, and deep learning models. We present our
model in Section 3, with experiment results in Section 4. We then
show how we can interpret the black-box algorithms, followed by
discussions and conclusions.

2 RELATEDWORK
2.1 Causes of Death
Understanding causes of death has been a big challenge in biomed-
ical research, as discerning new risk factors for death can help

physicians understand the mechanism of death and certain disease,
so to improve the quality of care for patients.

Previous research mainly focuses on discovering the cause of
death for patients with speci�c disease types, or discovering new
factors that can be identi�ed as cause of death. The Emerging
Risk Factors Collaboration studied the risk factors associated with
diabetes [4] and Khorana et al. studied for the cancer patients
with chemotherapy [16]. Other studies include causes of death for
neonatal deaths [22], Alzheimer’s death [30], and sclerosis [43].

Back in 1986, Israel et al [13] �rst pointed out the potential
multiple cause-of-death data, and with the popularity of statistical
data analysis methods, the dataset gained more popularity in the
healthcare research community. Redelings et al. [36] analyzed the
associations of cause-of-death conditions, and Jiang et al. [15] ana-
lyzed the evolution of causes with a topic model approach. Some
researchers also look in to the subgroups of patients associated
with certain diseases, for example, McCoy et al. on asthma [26],
Melamed et al. on sepsis [27]. Yet these studies mostly take on an
association analysis approach and few have focused on the problem
of causal identi�cation.

2.2 Causal Inference
Causal inference plays a vital role in analyzing biomedical observa-
tional study, as it can help determine the treatment e�ect of certain
drugs or procedures [19, 42]. Rubin et al. [39] was the �rst to an-
alyze the causal inference problem in such experiment problems,
and the paper mainly discussed the di�erence between random
experiments and non-random experiments. Such experiments aim
to discover the e�ect of a binary treatment, and the term "ran-
dom/ non-random" refers to whether the assignment of treatment
depends on the patients’ conditions or not. In a random design
experiment, since the treatment is assigned randomly, it’s straight-
forward to analyze the treatment e�ect by comparing populations
with treatment to populations without treatment. However, most
of biomedical experiments are non-random observational studies,
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so it’s crucial to identify the causal structure, or design special
algorithms to account for the cofounding e�ects in such studies.

Identify causal structure mainly builds on the causal graph frame-
work proposed by Pearl et al. [34], where variables/ features are
represented as nodes, and edges indicate causal relationships. Under
this framework, when the causal structure is speci�ed beforehand,
often by domain experts, structural equation model (SEM) [2, 32]
can analyze the causal e�ects of intervention on certain variables.

Oftentimes, such structure is unknown or incomplete, thus, a
series of work is conducted to learn the causal structure. Constraint-
based algorithm, such as PC algorithm [44], learns the graph by
exploiting conditional dependence relationship between variables.
Score-based method [3] designs an evaluation metric to score each
potential causal structure, and �nds the one with highest score.

On the other hand, to analyze the treatment e�ect from observa-
tion studies, we could also adopt the potential outcomes framework
[40]. Two popular approaches are matching [31, 41, 46] and propen-
sity score. By matching, we �nd a pair of two instances, that receive
opposite treatment, while are most similar in other features. In this
way, the di�erence between them after treatment can be used as
an estimate for the treatment e�ect. Propensity score works by
reweighing instances to convert an observation study to a pseudo-
random experiment and work with random experiment [1, 38].

2.3 Deep Learning and CNN
The past decade has witnessed the success of deep learning, enabled
by e�ective training algorithm [9, 18], high performance comput-
ing structure including GPU, and large-scale labeled datasets [5].
Deep learning has shown great capabilities in image classi�cation
[20], image segmentation[24], text analysis [48], and reinforcement
learning [29].

Recently, biomedical researchers are applying deep learning
to biomedical data analysis [10]. Liu et al. analyzed brain imag-
ing with deep learning, to achieve early diagnosis of Alzheimer’s
disease; Esteva et al. used deep learning to classify a skin cancer
dataset containing about 130,000 images and beat human physician
accuracy[7]; Suo et al. [47] applied deep belief nets to derive risk
factors from electronic health records.

CNN was originally proposed to address image classi�cation
[23], initially dealing digit recognition. It revived as the standard
practice of image classi�cation around 2012, with the success of
AlexNet beating human accuracy. Then CNN showed great success
in other image processing tasks, such as image segmentation [24]
and human action recognition [14]. CNN then was also applied to
sentence classi�cation [17] and inspired several follow-ups [6, 11].
Another direction of work uses recurrent neural network [21],
and showed better capabilities in text generation [48], and text
conversion to other modalities [25].

3 MODEL
3.1 Problem Formulation
In the death reporting scenario, a physician will �rst select sev-
eral conditions, coded by ICD-10 codes 1, as the conditions most
relevant to death. The conditions are then recorded as they are

1Starting FROM 1999, NCHS has switched from ICD-9 to ICD-10 coding system.

sequential observed. Among these conditions, one of them will be
predicted as the cause of death, based on physicians’ expertise and
the understanding of the death case.

In this paper, we are interested in automating the latter part
of the process, identifying the one cause of death from the list
of conditions. Mathematically, suppose we have a vocabulary of
ICD-10 conditions V , with the total number denoted as |V |. We are
given a dataset of {xi ,yi }, i = 1, ...,N , where xi = [ci,1, ..., ci,ik ]
is the sequence of ik relevant conditions recorded, and yi is the
identi�ed cause of death. We are interested in learning a classi�er
as f (xi ) = yi ∈ V , essentially a multi-class classi�cation problem,
with input being a list of items also from the vocabulary V .

The sequential and discrete nature of the ICD-10 conditions
in our case presents a strong analogy with natural language. We
can regard each ICD-10 condition as a word, and physicians use a
sequence of ICD-10 conditions to describe a death case, which is
similar to a human sentence describing a concept. So our problem
can be considered as a sentence classi�cation problem. However,
we should note a profound di�erence between our problem and
sentence classi�cation: traditional sentence classi�cation generally
deals with binary classi�cation (e.g., positive sentiment vs. negative
sentiment), or a few classes that indicate the topic of the sentence
(e.g., religious, movie, news, etc.). In our cause of death identi�-
cation, we are dealing with thousands of ICD-10 vocabulary as
the �nal class label, which means the �nal classi�cation probabil-
ity could be sparsely distributed among the vocabulary, posing a
computational challenge.

In light of the recent success in deep learning in text classi�cation
cases, we adopt the convolutional neural network (CNN) framework
to our application, and made necessary modi�cations.

3.2 Convolutional neural network(CNN) for
sentence classi�cation

Applying CNN to sentence classi�cation is proposed by [17], and
has thus been extensively studied and applied in the literature.
Here, we �rst review the basics of the CNN framework, and then
introduce the model we modi�ed.

For a sequence x = [c1, ..., ck ], where each condition c j ∈ R
|V |

is one-hot vector encoding representation, we �rst apply a word
embedding to obtain a distributed representation for it [28] in a
lower dimensional spaceRD . Equivalently, we are learning a weight
matrixW ∈ R |V |×D , so that we embed each condition c j as the jth
row of the matrix, with the simple matrix multiplication vj = c jW .

After the embedding, we concatenate all the embedding vectors,
and obtain the initial representation for the sequence as

v = v1 ⊕ v2 ⊕ ...vk

. The convolution operator is applied to a segment of the sequence,
determined by the window size. For example, for a window of size
of H , the convolution uses a �lterm ∈ RH×D , and the result of this
convolution to a segment vi :i+H−1 = [vi ,vi+1, ...,vi+H−1] is

zi = f (m ∗vi :i+H + b0)

, where ∗ is the convolution operator, b0 a scalar bias term, and f a
nonlinear transformation, such as Tanh and ReLU. The rationale for
a convolution operation lies in that conditions that occur closely in
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Figure 2:Model architecture. The convolution neural network architecture we used in the project is fromKim et al. [17], which
contains a 1D convolution layer and a max pooling, followed by a fully connected layer as logit outputs.

the sequence should share some characteristics and be correlated
to each other, as we would expect in the 2D image case.

We can further apply a pooling operation to the obtained feature
map [z1, ..., zk ], which �nds the maximum or average among all
the zj s. The intuition is that for each �lter, we �nd the most impor-
tant features, and this operation naturally handles variable length
sequences.

In practice, we can apply several convolution �lters to obtain
several corresponding features. These intermediate features can be
passed again to convolution �lters then nonlinear transformation,
and the stacking of these layers compose a deep neural network
structure, which some describes as Parrellel-CNN.

In the ultimate layer, for the hidden feature vector u ∈ RD1 ,
we apply a fully connected layer to obtain the �nal output y =
д(uTQ + b1). The parameter Q ∈ RD1∗|V | maps the hidden feature
to a distribution over all the vocabulary V , and the condition with
maximum probability is predicted as the cause of death.

An illustration of the model architecture is shown in Fig. 2.

3.3 Proposed method: convolutional neural
network with dynamic computation graph

A challenge of the above vanilla CNN structure lies in the �nal
parameter matrix Q , as computing a soft-max distribution over the
whole vocabulary of codes can result in sparse entries, and makes
the inference more di�cult.

To overcome such challenge, we note that instead of predicting
over the whole vocabulary, we only need to select one condition out
of the input sequence, which has a length signi�cantly smaller than
the total vocabulary. Moreover, each of the sentence has a potential
di�erent length, so this requires that we dynamically build a neural
network for each of the input.

The new "De�ne by Run" paradigm of deep learning framework
has enabled us to build such dynamic neural networks. In brief,
instead of specifying a static network structures before any input
is fed, now we take a particular training sample, a sequence in our
case, and de�ne the network structure from this input to its output.
This is also the same for testing phase, where we dynamically

construct a network architecture for each test sample, potentially
of various shapes. Although this practice seems more tedious in
terms of computation, it supports dynamically sized data, such as
our sequences of medical conditions with variable lengths, and
also reduces the complexity of computation in computation graph
implementation.

3.4 Regularization
Deep neural networks tend to over�t the data, thus, in our imple-
mentation, we imposed following three regularization techniques

Batch Normalization (BN). Batch Normalization (BN) [12] works
on the intuition that during the training of neural network, be-
cause of the changes of the network parameters, the distribution of
the nonlinearity activation function also shifts accordingly. Mathe-
matically, for each dimension xk of the D dimension input feature
x = [x1, ...,xD ], the new normalized feature is

x̂k =
xk − E[xk ]√
Var [xk ]

, where the expectation and variance are computed for each mini-
batches.

Reducing such shift in covariates can accelerate the convergence
in training, and sometimes has the bene�t as regularization.

Dropout (DO). Dropout [45] is one of the most successful regu-
larization techniques. In brief, the weights of a proportion of the
hidden neurons in the network layers are chosen to be 0s during
training. For example, in the ultimate layer of our network, we have
the �nal output computed as y = д(uTQ + b1). Instead of applying
Q directly, we randomly generated as mask matrix MQ , where each
entry of it is a Bernoulli variable with speci�ed probability p in
(0, 1), often set to 0.5 as suggested by literature [17, 45].

The output is then

ŷ = д(uT (Q . ×MQ ) + b1)

, where .× denotes the element-wise multiplication.
During test, we scale the learned weight matrices byp as Q̂ = pQ ,

and use them without dropout to predict unseen sentences.
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Early Stopping (ES). Early stopping is also widely used as a reg-
ularization technique for almost any types of machine classi�ers,
that rely on sub-gradient methods as training algorithms. It attracts
wide popularity in training deep neural networks as it can help save
a great amount of computation time while preserving considerable
test performance.

We �rst partition a small proportion of the training set as our
development set, and train classi�ers on the rest of the training set.
Once we observe the test performance on development set is worse
than the training performance on the rest, and the test performance
exceeds a threshold we set beforehand, we can conclude that the
training might already over�t the data, and terminate the training
process.

3.5 Discussion: CNN Vs. Bag of Words
Traditional sentence processing mainly use the bag-of-n−grams
method to represent the sentence [50], where each dimension is
the term frequency times inverse document requency (tf-idf) for
the n gram for the sentence. With features extracted, o�-the-shelf
classi�cation methods, such as naive Bayes, support vector machine,
can be applied to classify the sentences.

Despite its simplicity, there are several disadvantages of this
approach compared to CNN: 1) the n -gram tend to be really sparse,
and even infeasible to compute, when the n is large; 2) the one-hot
representation of these n−grams ignore the shared parts between
all n−grams, as well as the distributed representations obtained
by embedding words; 3) training such models requires �rst load-
ing all data into RAM to process the TFIDF matrix, so we cannot
adopt mini-batch training techniques here, making the model less
scalable.

4 EXPERIMENTS & RESULTS
4.1 Dataset overview
For the experiments, we pick the death certi�cates in the United
States from Year 2014, which contains approximately 2 million
records of death cases [33]. After preprocessing, removing identical
records and �lter out records with length less than 3, we obtain
1,499,128 records.

The ICD-10 codes, in the format of A123.4, observe a hierarchy
structure, where the digits before the dot can be regarded a coarse
high-level classi�cation of the condition.To save computation, we
here use the coarse version, and as a result, we obtain a vocabulary
of input conditions of 1610 and a total of 1180 possible classes as
causes of death.

4.2 Con�gurations for CNN
For our method, we experiment both static and dynamic constructed
CNN. The static constructed one is referred to as CNN-static. As
for the dynamic version, we can either train the network as a static
structure, and when testing, only selects ones that are present in
the input, or we can use a dynamic structure in both training and
testing phase. These two versions are referred to CNN-dyn-eval and
CNN-dynamic respectively.

The network structure we used is speci�ed as follows:

Input -> Embedding Layer -> Convolution & Pooling

-> Batch Normalization -> Dropout
-> Fully Connected Layer -> Output

The embedding dimension is set to 128, and three kernel sizes
for the convolution layers are 3,5,7. Dropout probability is set to .5
as suggested in [17] and maximum norm of parameters are set to
3.0. Our model is built with PyTorch [8], and adapted from open
source implementations 2.

4.3 Baseline methods
For the baselines, we implemented two types of baseline algorithms:
traditional BoW classi�cation, and shallow classi�ers built on em-
beddings.

For the bag-of-words feature extraction, we �rst construct a
count matrixX , whereX [i, j] denotes the count of word j appearing
in the document i . Then tf-idf transform, short for "term frequency
times inverse document frequency" is applied toX to obtain the �nal
feature matrix. We used bag-of-words, instead of more expressive
n-gram, because it would require much more than the computation
power we have available right now. We then apply naive Bayes
(NB), support vector machine (SVM), and logistic regression (RF)
to the feature matrix, and obtain predictions.

For shallow classi�ers, we use the architectures shown below

Input -> Embedding Layer -> Vector Averaging
-> Fully Connected Layer -> Output

After we embed all the medical conditions of a sequence, we av-
erage them as the vector representation as the sentence, then use
a fully connected layer to obtain the �nal output. We use cross
entropy loss (equivalent to a logistic regression model), and multi
margin loss (equivalent to a support vector machine model), and
also implemented the three variants w./o. dynamic graph in Py-
Torch.

4.4 Experiment Settings
We randomly partition the data into training, development, and
test sets with ratio 7.9:.1:1. The hyper-parameters were selected
based on the performance on the development set and then tested
on the test set. We also reported the model performance with and
without early stopping using development set.

In naive Bayes, we don’t have a parameter to tune, and we tune
the regularization parameter for SVM, and the number of trees for
RF. As for CNN, we mainly tune the kernel sizes. The results were
reported by averaging 3 runs of experiments.

BoW classi�ers are run in CPU with 60 GB RAM and we used
implementation of this pipeline from Scikit-Learn [35]. CNN and
shallow learners are trained with NVIDIA K80 GPU. We use a
mini-batch of 64 for training, and we set the maximum number
of epochs to 2 (the number of iterations over the whole training
data). We used Adam with adaptive learning rate as the sub-gradient
optimization method. Both training with and without early stopping
are tested. Training such networks averaged to about 5 hours under
our con�gurations, while testing a single case using a trained model
takes about seconds.

2https://github.com/Shawn1993/cnn-text-classi�cation-pytorch
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Table 1: Classi�cation Results

4.5 Evaluation Metrics
To evaluate the performance of the algorithms, we adopt common
evaluation metrics for multi-class classi�cation.

Accuracy (ACC). Accuracy (ACC) measures the percentage of
the sequences that are predicted correct.

Cross Entropy Loss. For a classi�er with logits as output, the
classi�cation cross entropy loss is de�ned as

Loss (loдit , class ) = −loдit[class] + loд(
C∑
j=1

exp (loдit[j]))

, where class is the true class of the sample, and loдit is a vector
containing the logits for all the classes.

F1. To account for the potential imbalance between false-negative
and false-positives, F1 measure computes the harmonic average of
precision and recall. F1 is in the range of [0, 1] and the higher, the
better predictive power. In the case of multi-class classi�cation, we
compute for each class an F1 measure, and then use the average of
these F1s as the �nal metric.

Cohen’s kappa. Cohen’s kappa is a statistical that measures the
inter-rater agreement between two classi�cation output, de�ned as

κ = 1 −
1 − po
1 − pe

, where po is the accuracy we mentioned above, and pe is the proba-
bility of agreement by chance. A perfect agreement will have κ = 1,
and κ < 0 indicates a no agreement other than by chance.

4.6 Results & Discussion
We can see that Bag-of-Words classi�cation techniques fail to cap-
ture the causal inference in our case, giving a poor classi�cation
performance. By examining the classi�cation output, the classi�er
simply outputs the class that has the highest frequency, thus result-
ing in an identical output in all runs. This most likely results from
the feature extraction process, where Bag-of-Words only consider
the frequency of words.

Between the shallow classi�ers and CNN, we can see that CNN
obtained the highest classi�cation accuracy, and the lowest loss
with dynamic evaluation con�guration, beating all other models
with lowest variance.

Models with dynamic neural network structure in training and
testing phase have a varied performance, and in the case of CNN
and LR, it has the bene�t of improving classi�cation performance
slightly, while in SVM, the bene�t is not observed.

Early stopping as a regularization decrease the number of batches
from about 21000 to about 9000 in all three models, saving almost
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Figure 3: Parameter Analysis. We varied several key parameters of the CNN model and overall, the scale or the pattern of
in�uence is not clearly shown from our experiments. The Y-axis is the accuracy on test sets with error bars and X-axis is the
parameter we analyzed.

half of the running time, however, most of models with early stop-
ping have a worse performance than the ones without early stop-
ping, indicating that simply comparing development set training
accuracy might not be a su�cient criterion for model over�tting,
but just the oscillation behavior in the local minima region.

While some algorithms present performance in terms of accu-
racy and loss, all algorithms perform poorly evaluated with Cohen-
Kappa’s and microF1, mainly because of the fact that we are dealing
with an extreme large number of classes. Take microF1 as an exam-
ple, it’s an average of the F1 value for each of the classes. For some
of the classes, it may only have one or two samples, if the algorithm
predicts these few samples wrong, its precision will be zero, thus a
zero F1 score, signi�cantly decreasing the �nal averaged microF1.
In future, it may be of interest to design algorithms that can achieve
high F1 in such classi�cation case, as classi�cation with extremely
large number of classes itself is an interesting research question.

4.7 Parameter Analysis
Deep learning models have seemingly a large number of parameters
to tune, in our case, such as the convolution kernels, the maximum
norm, the dropout rate, and the dimension of embedding. Here we
brie�y show the e�ect of varying these parameters on the �nal
prediction accuracy.

The base model is the standard static version of CNN, and we
vary these four parameters, and plot the prediction accuracy on the
test set with standard deviation as error bars.

From the �gure, we can see that although there are several pa-
rameters to set, with a good model architecture, the speci�c values
of these parameters don’t in�uence the �nal outcome much. Except
with the dimension of embedding medical conditions, we found that
as the size of embedding dimension increases, the test performance
slightly increases.
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Figure 4: Embedding Visualization. After dimension reduc-
tion with kernel PCA, and t-SNE visualization, we plot the
embeddings of medical conditions. We label the points with
colors using the clustering results on the original embed-
dings.We can see the embedding vectors are scattered in the
2 dimensional data, and nicely clustered in �ve groups.

4.8 Analyzing Embeddings of Medical
Conditions

One side-product of our model is the distributed representations
of medical conditions, which we visually present in Fig. 4, using t-
Distributed Stochastic Neighbor Embedding (t-SNE) [49] following
a dimension reduction using kernal PCA to a three dimensional
space.

The color of these dimension reduced points are obtained by run-
ning K-means clustering the embedding matrix of size (1610, 128),
with number of clusters set to 5. We can see the embedding vectors
are scattered in the 2 dimensional data, and nicely clustered in �ve
groups.

To understand the embedding better, we also show some of
the clustering results, with top conditions in each cluster 5. We
conjecture the embedding of medical conditions re�ect two char-
acteristics, the likelihood of each condition causing death, and the
physiological relationship between them, so we may not see a very
clear pattern of the clustering results. For example, cluster 5 mainly
consists of circulatory related conditions, while cluster 2 contains
a few more severe diseases.

5 INTERPRETATION OF CAUSE
IDENTIFICATION

Right now there are no golden standards as to explain the cause
of death, and physicians mainly �ll the death certi�cates speaking
from their own perspective. The collection of death certi�cates from
across the nation is thus a good resource to distill the knowledge in
understanding cause of death, by training such supervised learning
model. To help physicians really understand why our model gives
predictions for causes given each sequences, we need to give proper
interpretations for the black-box models, i.e., to provide relation
between the input sequence and the �nal selected condition.

5.1 LIME-Local Interpretable Model-Agnostic
Explanations

In this section, we brie�y introduce the Local Interpretable Model-
Agnostic Explanations model proposed [37], which can explain any
type of black-box predication algorithms. To understand which
parts of the input are contributing to the �nal prediction, the model
perturbs the input around its neighbors, and analyzes the classi�er’s
predictions on these perturbed instances with a sparse linear model.
Then the weights from the linear model indicates how important
the corresponding part is to the �nal predictions.

5.2 Case study
Here we showcase how the model will explain an unseen instance.
we synthesize a patient history and the resulting sequence is

’I50,J44,I25,T82,Y83,I73,I10,J96,I64,K21,F17’
The explain model then outputs the top most likely cause of

death as I25, as well as why certain conditions are more likely to
cause the death, explained by the input conditions. We show such
explanation in Fig. 6.

Because of the constraint of the data, we now can only pinpoint
these ICD10 conditions, which admittedly, is still limited.

If we are to have a more complete dataset, where we have the
complete history of patients, as well as the identi�ed cause of death,
we are then able to train a deep learning model predicting cause
of death using the whole medical history. With the model and our
explainer, we can understand in a greater detail about death cases.
When a new patient is admitted to hospital, we can use such model
to understand, which condition is the most likely cause of death,
and which symptoms are contributing to this causality sequence.

Another interesting application of such interpretation model is
that we can provide several predictive models for physicians, as
well as their interpretations, and ask physicians to choose the one
that matches human knowledge more. Running these tests will help
us choose an accurate model that is more interpretable.

6 CONCLUSION & FUTUREWORK
In this paper, we showed how a modern deep learning architecture,
CNN, can be adapted to identify the cause of death. The model
shows signi�cant improvement over the traditional baselines, and
can handle even larger scale datasets than traditional methods. We
also provide human understandable interpretation for the model,
so that death reporting physicians.

The current work is limited by the dataset itself, and we are
working

There are several ways our current work can be extended: First,
we may deploy the model in a general EHR setting, where we can
identify the most probable potential causes of death, so as to alert
physicians and nurses to attend to more critical conditions. Second,
there are medical ontologies speci�ed by domain experts, which
record all the viable causal relations between medical conditions.
We can seek to integrate the guidance and constraint from these
constraints into our models, and reach a model derived both from
data and human knowledge. Moreover, it will be interesting to see
how other deep learning architectures will perform in this task and
other causal inference problems.
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J69.X: Pneumonitis

T42.X: Poisoning by, adverse effect of and 
underdosing of antiepileptic, sedative-
hypnotic and antiparkinsonism drugs

R26.X: Abnormalities of gait and 
mobility

I69: Sequelae of cerebrovascular 
disease

J96.X: Respiratory failure, not 
elsewhere classified

K76.X: Other diseases of liver

G30.X: Alzheimer’s disease

T50.X: Poisoning by, adverse effect of and 
underdosing of diuretics and other and 
unspecified drugs, medicaments and 

biological substances

I42.X: Cardiomyopathy

G93.X: Other disorders of brain

E83.X: Other disorders of fluid, 
electrolyte and acid-base balance

F03.X: Unspecified dementia

A41.X: Other sepsis

I50.X: Heart failure

E88.X: Other and unspecified 
metabolic disorders

J80: Acute respiratory distress 
syndrome

J44.X: Other chronic obstructive 
pulmonary disease

I49.X: Other cardiac arrhythmias

I10.X: Essential (primary) 
hypertension

I99.X: Other and unspecified 
disorders of circulatory system

F17.X: Nicotine dependence

R13.X: Aphagia and dysphagia

R62.X: Lack of expected normal 
physiological development in 

childhood and adults

K92.X Other diseases of digestive 
system

C34.X: Malignant neoplasm of 
bronchus and lung

E66.X: Overweight and obesity

I11.X: Hypertensive heart disease

M13.X: Other arthritis

C15.X: Malignant neoplasm of 
esophagus

R64: Cachexia

K65.X: Peritonitis

C92: Myeloid leukemia

Figure 5: Clustering of Embedding. We perform K-means clustering with K=8 on the embeddings and plot for each of the
cluster, the top conditions that are closest to its centroid.

Predicted Cause: I25
Chronic ischemic heart disease

I25 Chronic ischemic 
heart disease 4.90

I50 Heart failure 0.68

T82
Complications of cardiac and 
vascular prosthetic devices, 

implants and grafts
-0.64

I25 Other chronic obstructive 
pulmonary disease -0.34

Predicted Cause: J44
Other chronic obstructive pulmonary 

disease

J44 Other chronic obstructive 
pulmonary disease 4.39

T82
Complications of cardiac and 
vascular prosthetic devices, 

implants and grafts
-1.11

I25 Chronic ischemic 
heart disease -0.91

I50 Heart failure -0.19

Predicted Cause: E14
Unspecified diabetes mellitus

J44 Other chronic obstructive 
pulmonary disease -1.1

I25 Chronic ischemic 
heart disease 0.99

I50 Heart failure -0.15

T82
Complications of cardiac and 
vascular prosthetic devices, 

implants and grafts
-0.007

Figure 6: Interpretation. We use LIME on our CNN, and obtain the interpretation of the model for top three likely causes of
death. For each of the likely cause, we show the contribution of each input medical condition to the �nal condition, where the
absolute values indicate the scale of the contribution, and the sign indicates a positive or negative contribution.
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