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Abstract

While recent developments of deep learning models have led
to record-breaking achievements in many areas, the lack of
sufficient interpretation remains a problem for many spe-
cific applications, such as the diagnosis prediction task in
healthcare. The previous knowledge graph(KG) enhanced ap-
proaches mainly focus on learning clinically meaningful rep-
resentations, the importance of medical concepts, and even
the knowledge paths from inputs to labels. However, it is
infeasible to interpret the diagnosis prediction, which needs
to consider different medical concepts, various medical re-
lationships, and the time-effectiveness of knowledge triples
in different patient contexts. More importantly, the retrospec-
tive and prospective interpretations of disease processes are
valuable to clinicians for the patients’ confounding diseases.
We propose KerPrint, a novel KG enhanced approach for
retrospective and prospective interpretations to tackle these
problems. Specifically, we propose a time-aware KG atten-
tion method to solve the problem of knowledge decay over
time for trustworthy retrospective interpretation. We also pro-
pose a novel element-wise attention method to select candi-
date global knowledge using comprehensive representations
from the local KG for prospective interpretation. We validate
the effectiveness of our KerPrint through an extensive experi-
mental study on a real-world dataset and a public dataset. The
results show that our proposed approach not only achieves
significant improvement over knowledge-enhanced methods
but also gives the interpretability of diagnosis prediction in
both retrospective and prospective views.

Introduction

As the leading approach, deep learning has yielded record-
breaking achievements for its ability of learning deep
representations from a large volume of labeled datasets
(Krizhevsky, Sutskever, and Hinton 2017; Feng et al. 2021,
2022). But in some areas where high-level model inter-
pretability is required for data analysis tasks, such as health-
care (Choi et al. 2016; Yang et al. 2017), the application of
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deep learning models still faces various challenges.

* Sepsis

- Osteomyelitis | [ = Sepsis

« Kidney Failure

« Disorientation || * Vancomycin

* Vancomycin
* Mean Arterial

Pressure * Ceftriaxone

* Ampicillin

e e e e e e
Disease Process 1 Disease Process 2 Disease Process 3 New Disease
Process

Figure 1: An example of the Sepsis process of a patient.

Diagnosis prediction is one of these typical healthcare
scenarios (Choi et al. 2018; Zhang et al. 2020a). It pre-
dicts the future diagnoses of patients based on historical se-
quences of different clinical events (e.g., Diagnoses, Med-
ications, Laboratory Tests and Procedures) from the Elec-
tronic Healthcare Records (EHR) Data. Recently many re-
searchers have made progress by extracting the hierarchi-
cal semantics of various medical concepts from external re-
sources (Yang et al. 2021), especially medical knowledge
graphs(KGs), to enhance the diagnosis prediction for bet-
ter performance (Chen et al. 2018) and interpretations (Ma
et al. 2018b,a; Choi et al. 2017). However, there are still lots
of issues to tackle with.

Some KG enhanced works try to learn clinically mean-
ingful representations of medical concepts (Choi et al. 2017;
Ma et al. 2018b) or the importance of medical concepts and
historical visits (Luo et al. 2020; Zhang et al. 2020b). These
works can give some knowledge-based clues instead of ex-
act reasons or explicit evidence for the diagnosis prediction
task. Other works aim to learn the importance of paths from
the KG (Ye et al. 2021), as interpretable evidence from input
features to a certain label specifically for a specific disease.
These interpretation approaches are not feasible for the di-
agnosis prediction task, as the labels of diagnosis prediction
are almost all disease concepts, and the candidate knowledge
paths are enormous and may cover the whole KG.

Moreover, there is also a need for more consideration of
the time-effectiveness of external knowledge for different



scenarios. For example, Diabetes and Heart Failure have a
Complication relationship in the KG. If the interval time be-
tween the Diabetes event and the Heart Failure event is three
years or even longer, the usefulness of this knowledge triple
should be diminished.

To cope with these challenges, we propose Ker-
Print, a novel Knowledge graph enhanced approach for
retrospective and Prospe-ctive interpretation based on a hi-
erarchical KG attention mechanism. It includes local KGs to
capture personal context-aware knowledge and global KGs
to incorporate potential evolution-oriented knowledge for
the diagnosis prediction task.

Our key idea is that chronic diseases generally have clear
phases, from the occurrences, various developments and fi-
nally to the clinical outcomes, called the disease process.
Figure 1 shows the Sepsis process, which mainly includes
the patient’s historical visit sequence and different clini-
cal outcomes. When the patient’s disease process has not
changed in the to-be-predicted visit, the evolution phases,
including the Osteomyelitis stage, the Sepsis stage, and the
Sepsis with Kidney Failure stage, are a reasonable retrospec-
tive interpretation. However, when the patient enters a new
phase of the Sepsis process in the next visit, new knowledge
supporting the directions of disease evolution is needed to
improve the model interpretation further.

Based on this observation, we propose KerPrint that com-
bines retrospective and prospective interpretations for dif-
ferent phases of the disease process. Specifically, when the
predictions indicate that the phase of the disease process has
not changed, the KerPrint tends to review influential medi-
cal concepts and their relations utilizing a novel time-aware
KG attention method, and more importantly extract relevant
patterns for the retrospective interpretation. When the pa-
tient enters a new phase of the disease process, the local
KG with retrospective interpretation is insufficient. There-
fore, the KerPrint also integrates the global KG using a novel
element-wise attention method to explore the possible evo-
lutional direction of the disease for the prospective interpre-
tation. This approach helps to discover the mechanism of
disease evolution and to better conduct syndrome differenti-
ation and treatments. Our contributions are listed as follows:

* We propose a novel diagnosis prediction model that can
simultaneously provide retrospective and prospective in-
terpretations respectively with local and global KGs.

* We construct a local KG for each patient that integrates
the time interval information between patient visits. We
also propose a novel time-aware KG attention mechanism
designed to learn the context of knowledge and consider
the time-effectiveness of knowledge triples.

* We propose a novel element-wise attention mechanism for
deeply selecting and integrating the global KG with the
patients’ local KGs to explore the evolutional directions
of diseases.

* We conduct extensive experiments using a real-world
EHR dataset and a public MIMIC-III dataset. Experi-
mental results and ablation studies from both datasets
demonstrate that our KerPrint performs better than other
knowledge-enhanced methods. The interpretation analysis
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also confirms the interpretability of the proposed model in
both retrospective and prospective views.

Problem Formulation

An EHR dataset is a collection of chronological records of
patients’ visits which include several medical codes.
Medical Codes. Let C = {c1,¢2, ..., c|c|, ¢« } be the entire
set of codes used in an EHR dataset, where |C| is the number
of medical codes. Each code may represent a diagnosis, a
medication, a procedure, or a laboratory test.

EHR Dataset. Each patient’s visit sequence is defined as
X = [x1,X3, - ,x7], where the ¢-th visit is denoted by
a multi-hot vector x; € {0,1}/°l. The i-th element of one
visit vector is set to 1 if it contains the medical code c;.
Medical Knowledge Graph. The medical knowledge graph
(KG) contains kinds of medical entities, such as diseases,
medications, laboratory tests, procedures and their different
relationships. It can be denoted in the form of triples as G =
{(h,r,t) | h,t € E,7r € R}.

Diagnosis Prediction. Given a patient’s visit sequence X =
[x1, X2, -, X7], corresponding time interval sequence, and
medical knowledge graph G, the goal of diagnosis predic-
tion is to predict a binary vector y’ € {0, 1}/4l, representing
the possible diagnoses in the next visit xp, 1 where £ is the
number of whole diseases or disease categories.

Methodology

The framework of the proposed KerPrint model is shown in
Figure 2. It comprises three main modules: 1) Local Knowl-
edge Learning, 2) Global Knowledge Learning, 3) Prospec-
tive Knowledge Integration.

Local KG Construction

Given a patient’s visit sequence X and the medical KG G,
we use breadth-first search (Bundy and Wallen 1984) to
generate local knowledge projections G, = {(cp,7, ¢, 7) |
ch, ¢t € Ep,7 € Rp}, where 7 is the time interval between
medical concepts c;, and c¢; in the real visit sequence. For
example, there is a relation path with time interval informa-

. T1,T1 T2,T2 73,73
tion: ¢ (—>) c3 (—>) (—>) ¢y, Where c;, r; are the

corresponding entities and relations of the KG G. The path
is then split into a collection of quadruples. In this way, the
local KG G, is extracted, and time information is annotated
for each local knowledge.

Time-aware Attentive Embedding Propagation

Temporal information is essential for discerning the im-
portance of associations in KGs and improving the quality
of node representation learning. In order to capture non-
stationary temporal changes in different diseases by embed-
ding time into the latent visit space, we propose a novel time-
aware graph attention propagation mechanism that incorpo-
rates temporal information between medical concepts into
the computation of graph neural network message passing.

Time-aware Graph Attention: Given a quadruple
(ch,m,ci,7) € Gp, to better model the effect of time on
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Figure 2: Illustration of the proposed KerPrint model.

the interaction of medical concepts, we first map the time
interval 7 into the KG entity space:

r 2
£, =W, (1—tanh ((wfISOerf) )) +b, (1)

where Wy € R? by € R*, W, € R"** and b, € R™
are all trainable parameters. Here, the shorter the interval
between one medical concept and another in the patient visit
sequence, the easier it is to be activated.

Given an entity ¢, in the local KG G, we use Ny, =
{(cn,m,cu,T) | (Chyr,cuT) € Gy} to denote the one-hop
triplet collection of ¢;,. We also consider the effects of differ-
ent types of relations and nodes in the KGs. The projection
matrix M, € R%** s set to project entity embeddings to
a relation-specific space. Then we concatenate the projected
head and tail entity embeddings with the time embedding
to learn the attention score 7(c, 7", ¢,, 7") € R through a
feedforward neural network FFIN:

ﬂ'(ch,rﬁ,cu,rﬁ) =FFN (M,e; |M,e,||f;) (2

The model can learn the attention weights of neighbor nodes
according to the head and tail entities and the time inter-
val, which can better solve the non-stationary performance
of different nodes in KG.

Then we normalize the coefficients across all quadruples

connected with ¢;, by adopting the softmax function:
%(C}“TZ,CU,TZ;) = softmax (ﬂ' (ch,rﬁ, Cus Tf})) 3)

Information Propagation: We can obtain one-hop neigh-
bor representation of entity c;, by computing the linear com-
bination of ¢;,’s one-hop triplet collection:

ev,=

(Ch 77’7’_2 sCu 77'5')6./\/}1

~ h h
W(Ch,ru,cu,Tu) €y (4)

where 7 (cp,, ", ¢y, 7) indicates how much information is
propagated from ¢, to c;, conditioned to relation v and time
interval 7/, and e,, € R? is the embedding for entity c,,.

Information Aggregation: We employ GCN Aggrega-
tor (Kipf and Welling 2016) to aggregate the entity represen-
tation eg ~Y and its one-hop neighbor representation N, }El -1

as the new representation in the next graph network layer (:
! = LeakyReLU (WGCN (eﬁf‘” n ef\lle))> )

where we use LeakyReLU as the activation function.
Weaen € RY%4 are the parameters to choose useful in-
formation for propagation, and d’ is the transformation size.
Medical Code Representation Learning: After perform-
ing L layers, we obtain multiple representations for entity

h in KG, termed {eg), Sy e,(lL) }.To enrich the initial em-

bedding, we concatenate the representations at each step into
: o e — oD el

a single embedding: e, = e, ’[| - - - ||e; .

Through analyzing associations between medical con-
cepts by utilizing time interval information, we ob-
tain the knowledge-matched code embedding D =
[e Dys€Dyy " ,€ Dm\] which contains the information of
multi-hop neighbors of each medical code. However, there
are still many medical codes that cannot correspond to en-
tities in KG, resulting in the inability to learn effectively
through the higher-order connection relationships in KG. To
address these issues, we propose a medical concept comple-
tion loss Limp based on the assumption that medical concepts
appearing in the same medical visit are related:

T
1
Limp = — 75 o> > logpleila) (6
t=1i:c; EV; jic;EVy,j#i
exp (eLje Dzﬂ)

M
Sty exp (efyen,)
where we use M = [enr,,€n,, -, €, ] to denote
the knowledge-unmatched code embedding and |C| = |D| +

(7

where p(cj | ¢) =



| M. Since two medical codes are in the same visit, there is
a certain correlation between them, which assists the repre-
sentation learning of unmatched medical codes.

Given a patient, we then compute an embedding v,
ITlt\ Y c,co, € for each visit t. We feed the visit vector

sequence [v1,Va, -, vy, Vv,| into the Time-aware Trans-
former layer (Luo et al. 2020) for the patient’s hidden state
h' e RL

Global Knowledge Learning

Doctors not only focus on the patient’s historical medical
records but also select knowledge according to the patient’s
physical health status from their domain knowledge to as-
sist prediction. Therefore, we need to improve the quality of
entity representation in the global KG and simulate a robust
medical domain knowledge corpus owned by doctors.

Medical KGs, e.g., SNOMED CT (Donnelly et al. 2006)
contain various types of medical concepts, such as diseases,
medications, lab tests, etc. In order to model better message
propagation in heterogeneous medical KG, we employ a re-
lational attention mechanism (Wang et al. 2019) to calculate
the propagation weight 7 (h, 7, t):

w(h,rt) = (Mret)—r tanh (M,e, +e,)) )

where the attention score depends on the distance between
the head entity h and the tail entity ¢ in the relation r space.
The propagation and aggregation of information here are
consistent with the time-aware attention mechanism.

Then, we obtain the global knowledge embedding K,, =
[€k,s€ky, -, €k | fOr each patient, where | K| is the num-
ber of the candidate KG nodes. We select the nodes related
to the patient’s historical visits but have never been present
in the past visits as the candidate global knowledge.

Prospective Knowledge Integration

To imitate the step that doctors employ their domain knowl-
edge according to the patient’s health status, we propose
a novel element-wise attention module which captures the
pairwise interaction between the representation of the pa-
tient and global knowledge. The details of the element-wise
attention module are described in Figure 2. We first con-
vert the patient hidden state h’ to a query vector q € R%:
q = W,h' + b, ,where W, € R*! and b, € R? are
trainable parameters.

Then we conduct d x d pairwise interactions of the query
vector g € R? and global knowledge ey, € R? considering
both element-wise subtraction and multiplication. The pair-
wise interactions of them form a matrix Iy, :

Lo [i)lj] = aVef) + (a ~ ) ©
where the j-th column vector of Iy, represents the interac-
tions between the query vector and the j-th element of the
initial knowledge embedding ey,. For each element of the
initial knowledge representation ey, , we employ a trainable
weight vector w; to calculate the element-wise attention
score ay, ; of the j-th element:

T.
» Wji lkuq,.i)

10)

T. Te
ay, j = Softmax (w; 'ig, j, W, ik, 5,
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where iy, ; is the j-th column vector of Ij,. The element-
wise attention score vector of ey, is denoted as oy, =
[k 1, Qy 2, -+, g, ). We then conduct a Hadmard prod-
uct of o, and initial knowledge embedding ey, to obtain the
refined representation:

(an

Thus, the final global knowledge embedding is obtained as
K =5

Prediction and Optimization

’
Cp, = A, © ey

/
ekl.

We concatenate the patient hidden state h’ and the final
global knowledge embedding k’ as the output vector o €
R+ for the patient: o = h’ @ k’. We use a simple linear
layer with a sigmoid activation function on the model out-
put o to calculate the predicted label y’. The loss function
of classification for this task is the cross-entropy loss L..
Finally, we combine medical concept completion loss Limp,
margin-based loss Lrnsr and cross-entropy loss £ as the
final loss £(0):

L(O) = Le + Limp + A|O]3 (12)

where O denotes all the model parameters, and we conduct
L5 regularization parameterized by A to prevent overfitting.

Experiments

In this section, we conduct experiments on two real-world
medical datasets to evaluate the performance of our pro-
posed KerPrint method !. We first introduce the details of the
experimental settings, including datasets, baselines, metrics,
and strategies. Then we discuss the results of comparative
experiments. Finally, we conduct an interpretation analysis
on how KerPrint interprets the prediction results from two
perspectives: Retrospective and Prospective.

Experimental Setup
EHR Datasets

« MIMIC-III Dataset is a public dataset’ that includes
various types of medical events in different visits gener-
ated by patients, such as diagnoses, lab tests, medications,
etc (Johnson et al. 2016). In this study, we choose the
patients who made at least 2 visits in the past 365 days
and predict the diagnosis information of the next visit. We
study a 135-class classification problem that predicts the
diseases of a patient by grouping the ICD-9 codes into
135 higher-level medical groups using the Unified Medi-
cal Language System (Ho, Ghosh, and Sun 2014).

* GATH Dataset is a real-world dataset from a Grade A
Tertiary Hospital in China. We utilize all the patients with
at least 2 visits in their 3-year observation window. We
adopt the top 150 frequent diagnoses as labels that cover
77.5% of the samples.

Uhttps://github.com/xyxpku/KerPrint
*https://mimic.mit.edu/docs/iii/



Dataset Metrics Methods w/o external knowledge Methods w/ external knowledge Ours
T-LSTM Dipole HiTANet GRAM KAME CGL,,- KerPrint
MacroAUC | 0.4949(0.006) 0.6722(0.017) 0.7158(0.011) | 0.4678(0.007) 0.5719(0.013) 0.7013(0.026) | 0.7330(0.013)
MIMIC-III MicroAUC | 0.8725(0.001) 0.8905(0.001) 0.9047(0.002) | 0.7942(0.003) 0.8643(0.001) 0.9036(0.010) | 0.9115(0.001)
MacroAUPRC | 0.0815(0.008) 0.1491(0.007) 0.1928(0.010) | 0.1137(0.007) 0.1506(0.011) 0.2023(0.010) | 0.2251(0.028)
MicroAUPRC | 0.3565(0.006) 0.4398(0.006) 0.5135(0.010) | 0.4119(0.008) 0.4451(0.005) 0.5227(0.007) | 0.5381(0.022)
MacroAUC |0.5181(0.004) 0.6552(0.019) 0.7375(0.011)|0.4830(0.005) 0.5878(0.005) 0.7761(0.005) | 0.8223(0.011)
GATH MicroAUC |0.7790(0.002) 0.8114(0.006) 0.8225(0.002) | 0.6884(0.005) 0.7536(0.004) 0.8809(0.002) | 0.9013(0.006)
MacroAUPRC | 0.0285(0.007) 0.0623(0.005) 0.1533(0.007) | 0.1007(0.006) 0.1089(0.009) 0.1587(0.011) | 0.1704(0.020)
MicroAUPRC | 0.1235(0.007) 0.1914(0.006) 0.2633(0.006) | 0.1959(0.007) 0.2301(0.005) 0.3182(0.010) | 0.3273(0.015)
Table 1: Results for the diagnosis prediction task on MIMIC-III and GATH dataset.
Dataset Metrics | MedPath + HiTANet KerPrint * Methods with external knowledge We include
four methods with external knowledge as baselines.
MIMIC-IIT AUC 0.8190(0.005 0.8385(0.002 . .
| ( ) ( ) GRAM (Choi et al. 2017) is the first work to use knowl-
GATH AUC | 0.7961(0.008) 0.8438(0.012) edge to learn medical code representations. KAME (Ma

Table 2: Results for the binary classification task on MIMIC-
IIT and GATH dataset.

MIMIC-III GATH
Methods MicroAUC MacroAUC MicroAUC MacroAUC
KerPrint 0.9115 0.7330 0.9013 0.8223
KerPrint,,—  0.9072 0.7247 0.8787 0.7739
KerPrint, - 0.9070 0.7180 0.8931 0.8199
KerPrint;,— 0.9082 0.7213 0.8955 0.8135
KerPrint,, - 0.8911 0.7092 0.8785 0.7882

Table 3: Results of different KerPrint’s variants.

Medical KG Datasets

e SNOMED CT For the MIMIC-III dataset, we use
SNOMED CT (Donnelly et al. 2006) as external knowl-
edge, and we match medical codes to entities in the KG
through mapping tables provided by SNOMED CT3. We
filter entities and relationships related to EHR medical
codes as the global KG.

* Chinese Symptom Dataset and ICD-10 Chinese ver-
sion For the GATH dataset, we use the Chinese symptom
dataset* and the ICD-10 Chinese version® as a combined
external KG and complete the matchings between medical
concepts to entities of KGs.

Baseline Approaches

* Methods without external knowledge We use three
methods without external knowledge as baselines. T-
LSTM (Baytas et al. 2017) handles time intervals under a
time decay assumption. Dipole (Ma et al. 2017) employs
three attention mechanisms. HiTANet (Luo et al. 2020)
proposes a novel time-aware Transformer with a hierar-
chical attention structure.

3https://www.snomed.org/
“http://www.openkg.cn/dataset/symptom-in-chinese
>https://github.com/chaseliu/ICD- 10-CN
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et al. 2018b) employs external knowledge to participate
in the prediction process. CGL (Lu et al. 2021) proposes
collaborative graph learning to better utilize external
medical knowledge. MedPath (Ye et al. 2021) extracts
the personal KG and learns the disease progression
information for individual patients.

Note that for CGL, we do not use the clinical notes to
conduct a fair comparison, and we denote it as CGL,,—. The
MedPath must find the paths from input features to the tar-
get disease entity. Thus we construct binary classification
datasets for comparison with MedPath. For the MIMIC-III
dataset, we set labels as the ”Diseases of other endocrine
glands (249-259)”. For GATH Dataset, we choose “coro-
nary artery disease, CAD” as the binary classification target.
We compare with the "MedPath+HitaNet” model, which can
achieve the best performance compared with other "Med-
Path+X” models.

Evaluation Metrics and Strategy For the multi-label
classification task, we use micro-averaged AUROC (Mi-
croAUC), macro-averaged AUROC (MacroAUC), micro-
averaged of the Area Under the Precision-Recall Curve (Mi-
croAUPRC) and macro-averaged AUPRC (MacroAUPRC)
to evaluate the different approaches. For the binary classi-
fication task, We assess performance using the Area Un-
der the ROC Curve (AUC). The data is randomly parti-
tioned into three parts: training/validation/test, in a ratio
of 0.70:0.15:0.15. Each model is trained with 5-fold cross-
validation. Both the mean and standard deviation of test per-
formance are reported.

Experimental Results

Table 1 and Table 2 demonstrate the performance of the pro-
posed KerPrint model and all the compared baselines on the
two datasets. The number in () denotes the standard devi-
ation. We observe that the KerPrint consistently achieves
state-of-the-art scores on almost all metrics. Specifically, we
have the following analysis:

* As methods without external knowledge, HiTANet per-
forms well on the MIMIC-III dataset. However, the perfor-
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mance of HiTANet on the GATH dataset is not outstand-
ing. According to the statistics of these two EHR datasets,
the GATH dataset is sparser than the MIMIC-III dataset,
and the performance gain of KerPrint on it is larger. This
illustrates the importance of introducing external knowl-
edge to constrain the relationship between input features
when they are sparse.

* Compared with other methods with external knowledge,
KerPrint outperforms the above approaches. Moreover,
KerPrint achieves better performance than the state-of-
the-art MedPath+HiTANet. Specifically, the AUC in-
creases by nearly 2% and 5% on the MIMIC-III dataset
and the GATH dataset respectively. This demonstrates the
superiority of considering the time-effectiveness of ex-
ternal knowledge and incorporating potential evolution-
oriented knowledge to help prediction.

Ablation Study

To evaluate the contribution of each component, we imple-
ment several variations of our framework: KerPrint with-
out medical concept completion loss (KerPrint,,, - ), KerPrint
without time-aware attentive embedding propagation layer
(KerPrint,;- ), KerPrint without global knowledge integration
module (KerPrint,-). For the sake of rigor in the medical
area, we also add the KerPrint,- permuting the weights of
time-aware attention and global knowledge integration at-
tention (Wiegreffe and Pinter 2019).

As presented in Table 3. We observe that without med-
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Figure 6: Prospective Interpretations showing the attention
scores of candidate disease evolutional directions for a pa-
tient diagnosed with ”Severe Osteoarthritis”.

ical concept completion loss, KerPrint,,- is outperformed
by KerPrint, indicating that medical concept completion
loss helps to learn better representations of knowledge-
unmatched medical codes and improve performance. Es-
pecially for KerPrint,— and KerPrint;—, their performance
drops significantly on both datasets, which indicates the
importance of considering the time-effectiveness of exter-
nal knowledge and integrating potential global knowledge,
respectively. The performance degradation of KerPrint,-
shows that our attention weights play a crucial role in pre-
dictions and can provide relatively faithful explanations.

Model Interpretability

In this section, we analyze the explicit explanations provided
by our model for the prediction results from both retrospec-
tive and prospective views through case studies. Through the
integration of prospective knowledge, we can obtain whether
the patient’s disease process has entered a new phase. When
the patient doesn’t enter a new phase of the disease process,
we use retrospective interpretability to interpret the predic-
tion results. Otherwise, we use prospective interpretability.

Retrospective Interpretations Figure 3 shows the data of
a patient diagnosed with hypertension and diabetes at the to-
be-predicted visit. It describes the three visits that KerPrint



is most concerned about. Each visit is composed of many
medical nodes. Nodes marked in blue, green, orange, and red
represent diagnosis, treatment, medicine, and labtest events,
respectively. The arrow represents the important relationship
between medical nodes in the patient’s local KG. The num-
ber above the arrow represents the local knowledge attention
score. We can obtain that our proposed time-aware atten-
tive propagation mechanism provides efficient information
dissemination throughout these three most important visits.
For example, ”Chronic Renal Failure” diagnosed at the pa-
tient’s first visit has a relationship named “Related Symp-
toms” with ”Hypertension” diagnosed at the patient’s sec-
ond visit in the local KG. Even though the second visit was
174 days apart from the first visit, the attention score be-
tween them was higher than other knowledge relations, in-
dicating that our model can capture the temporal progression
regularity of different diseases based on the training data and
the local KG. Through the local KG, we can also capture
the patient’s disease process: Hypertension with renal fail-
ure — Hypertension with proteinuria — Hypertension.
We can observe that the hypertension complications of this
patient are decreasing.

Figure 4 shows the data of a patient diagnosed with Hy-
pertension, Joint Pain, Hyperuricemia, Hyperlipidemia, and
Atherosclerosis at the to-be-predicted visit. The patient’s
disease process can be concluded as: Hypertension with
atherosclerosis — Hypertension with atherosclerosis —
Hypertension with atherosclerosis and hyperhomocysteine-
mia, which indicates that the patient has a progressive in-
crease in hypertensive complications. Moreover, we can ob-
serve that at the third visit, the patient is diagnosed with a
new complication "Hyperhomocysteinemia”, and our pro-
posed time-aware attentive propagation mechanism also as-
signs high attention scores to its relations with “Hyperten-
sion” and ”Atherosclerosis”, enabling the learning of medi-
cal code representations at the third visit to incorporate im-
portant information from previous visits. This is highly con-
sistent with the medical research (Cattaneo 1999) and medi-
cal experience. When the predictions indicate that the phase
of the disease process has not changed, we use the above
relevant patterns to explain the results of the predictions.

Prospective Interpretation Figure 5 shows the data of a
patient diagnosed with Type 2 Diabetes Mellitus (T2DM) at
the to-be-predicted visit. The middle main part of the figure
shows the Prospective Direction Attention Matrix calculated
by the proposed element-wise attention mechanism. The left
column of the figure shows the result of row-wise max pool-
ing on the attention matrix. The darker boxes mean that the
patient’s query embedding is more concerned with knowl-
edge, and vice versa. We can observe that KerPrint is able to
assign the highest attention weight to ”Diabetes” which is
the broader concept of T2DM based on the patient’s health
status, even if he hadn’t been diagnosed with T2DM during
his previous visits.

Figure 6 shows the data of a patient diagnosed with Severe
Osteoarthritis at the to-be-predicted visit. We can observe
that KerPrint pays more attention to ”Morning Stiffness”.
According to medical research (Zhang et al. 2010), Morn-
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ing Stiffness is the key symptom for the diagnosis of Os-
teoarthritis. This also shows the reasonableness of KerPrint
with reliable explanations on prediction results. For these
patients who go into a new phase of the disease process,
even if the label has not appeared in their previous visits, we
select the global knowledge related to their historical visits
as the possible evolutional direction of the disease based on
the learned comprehensive representation.

Related Work

Recently, deep learning techniques have shown excellent
performance in disease risk prediction (Xu et al. 2022), med-
ication recommendation (An et al. 2021), and diagnosis pre-
diction (Chen et al. 2018). We focus on diagnosis prediction
studies from two following perspectives.

Models focusing on capturing sequence correlations
These works focus on capturing sequential features or con-
textual dependencies between patient visit sequences. For
example, RETAIN (Choi et al. 2016) proposes a two-level
attention mechanism based on RNN, which can learn the
weights of visit levels and medical code levels. Dipole (Ma
et al. 2017) uses bidirectional RNNs to model EHR data
and employs three attention mechanisms to calculate the
correlations between medical visits. SAnD (Song et al.
2018), LSAN (Ye et al. 2020) and HiTANet (Luo et al.
2020) employ Transformer as the backbone. In addition, T-
LSTM (Baytas et al. 2017), Timeline (Bai et al. 2018), Con-
care (Ma et al. 2020), and HiTANet (Luo et al. 2020) con-
sider the time interval between consecutive visits.

Models focusing on incorporating external knowledge
These works focus on leveraging external medical KGs to
improve representation learning, thereby improving predic-
tion performance. For example, some studies employ ances-
tor information of nodes in the KG to improve the quality
of medical representation learning, such as GRAM (Choi
et al. 2017), KAME (Ma et al. 2018b). Other studies em-
ploy graph neural networks (GNN) to capture high-order
connection information in KGs and fuse them into the rep-
resentation of inputs, such as MedPath (Ye et al. 2021),
CGL (Lu et al. 2021). However, these works merely give
some knowledge-based clues instead of explicit reasons or
evidences for the diagnosis prediction. They also lack con-
sideration of the impact of time information in different con-
texts of knowledge use.

Conclusions

Diagnosis prediction is one of the critical tasks in healthcare.
To better integrate knowledge with contexts, we propose a
novel diagnosis prediction framework, named KerPrint. It
employs a time-aware KG attention approach to learn the
context of knowledge. We also propose an element-wise at-
tention method to deeply select and integrate the global KG
according to the patients’ medical representations learned
from the local KG. The effectiveness of the proposed Ker-
Print is verified with extensive experiments on two EHR
datasets. Besides, KerPrint also provides the model inter-
pretability in both retrospective and prospective views.
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