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Abstract

We address the medication recommendation problem, which
aims to recommend effective medications for a patient’s cur-
rent visit by utilizing information (e.g., diagnoses and pro-
cedures) given at the patient’s current and past visits. While
there exist a number of recommender systems designed for
this problem, we point out that they are challenged in accu-
rately capturing the relation (spec., the degree of relevance)
between the current and each of the past visits for the patient
when obtaining her current health status, which is the ba-
sis for recommending medications. To address this limitation,
we propose a novel medication recommendation framework,
named VITA, based on the following two novel ideas: (1)
relevant-Visit selectlon; (2) Target-aware Attention. Through
extensive experiments using real-world datasets, we demon-
strate the superiority of VITA (spec., up to 5.67% higher ac-
curacy, in terms of Jaccard, than the best competitor) and the
effectiveness of its two core ideas. The code is available at
https://github.com/jhheo0123/VITA.

1 Introduction

Medication recommendation aims to help doctors in
prescribing effective medications for a patient’s current
visit (Zhang et al. 2017; Shang et al. 2019b). When prescrib-
ing medications to a patient, doctors should consider the
following factors: (1) the diagnoses and procedures given
to her at the current visit; (2) her past health records; (3)
the relations between medications to be prescribed (e.g., the
possibility of adverse effects when taken together). This is
a time-consuming and challenging process even for experi-
enced doctors (Wu et al. 2022b). Therefore, the medication
recommendation that can alleviate these difficulties of doc-
tors has been an important research area in medical tasks.
Early medication recommender systems recommend
medications to a patient by considering only the diagnoses
and procedures given to her at the current visit (i.e., current
visit information), which are called instance-based meth-
ods (Zhang et al. 2017; Wang et al. 2018; Gong et al. 2021).
However, they overlooked the fact that, although patients are
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given with the same diagnoses at the current visit, the cause
of the given diagnoses may be different for each patient, so
the medications for them could also be different (Shang et al.
2019b; Yang et al. 2021b); this is because they do not utilize
the patients’ past health records (Wu et al. 2022b).

To alleviate this limitation, longitudinal-based medication
recommender systems have emerged, which utilize not only
a patient’s current visit information but also her past health
records (Shang et al. 2019a,b; Bhoi et al. 2021; Wang et al.
2021a,b; Yang et al. 2021b; Wu et al. 2022a,b). These meth-
ods usually consist of an encoder and a predictor. For their
encoders, most of them (Shang et al. 2019b; Bhoi et al.
2021; Wang et al. 2021a,b; Yang et al. 2021b; Wu et al.
2022a) learn a patient representation indicative of her cur-
rent health status by aggregating her current visit informa-
tion and the diagnoses and procedures given at her past visits
(i.e., past visit information) in consideration of the visit or-
der via a Recurrent Neural Network (RNN)-based model.
Then, for their predictors, they recommend medications to
her by utilizing other past health records (e.g., medications
prescribed at her past visits) based on their relevance with
her patient representation via various deep-learning mod-
els (e.g., an attention network (Bahdanau, Cho, and Bengio
2015)). On the other hand, COGNet (Wu et al. 2022b), an-
other longitudinal-based method recently proposed, encodes
only a patient’s current visit information, unlike the above
methods, to obtain her current health status in the encoder by
capturing the relation between diagnoses (resp. procedures)
at her current visit via a transformer (Vaswani et al. 2017)-
based model. Then, in the predictor, COGNet additionally
takes into account the similarity between (a) medications
that should be prescribed at her current visit by considering
only her current visit information and (b) those prescribed at
her past visits, to improve upon the predictor of the afore-
mentioned methods. Please refer to the Appendix! for more
detailed information on these (i.e., related studies).

Although longitudinal-based methods achieve higher ac-
curacy than instance-based methods by utilizing a patient’s
past health records, we point out a key limitation of them:
when obtaining the patient’s current health status (i.e., in
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the encoder), they have a difficulty in accurately capturing
the relation (spec., the degree of relevance) of each past visit
to the current one. Specifically, they either compute the rel-
evance score by considering simply the order of visits via
a RNN-based model (Shang et al. 2019b; Bhoi et al. 2021;
Wang et al. 2021a,b; Yang et al. 2021b; Wu et al. 2022a), or
do not attempt to capture the degree of relevance, not taking
into account any of the patient’s past visits (Wu et al. 2022b).
However, when obtaining the patient’s current health sta-
tus, accurately capturing the degree of relevance between
her current and past visits is highly important. In particular,
her past visit information relevant (resp. irrelevant) to her
current visit should (resp. should not) be reflected in rep-
resenting her current health status. Our empirical findings
supporting this claim are detailed in Section 2.

In this paper, we propose VITA (relevant-visit selection
and target-aware attention), a novel medication recommen-
dation framework, based on a more accurate understanding
of her current health status. To achieve this, we learn a pa-
tient representation indicative of her current health status by
taking into account an accurate relevance score between the
current visit and each of the past ones, without relying solely
on the visit order. Furthermore, we do not consider her past
visits irrelevant to her current one ar all, instead of sim-
ply assigning lower relevance scores to them, since this ap-
proach enhances accurate medication recommendation. Our
empirical validation of these ideas can be found in Section 4.

Our contributions are summarized as follows:

* Important Discovery: We discovered that existing med-
ication recommender systems face challenges in accu-
rately capturing the degree of relevance of each past visit
to the current one when obtaining a patient’s current
health status. In addition, we are the first to demonstrate
that using past visits irrelevant to the current one has a
negative effect on recommending accurate medications.

* Novel Framework: To address this key limitation, we
propose a novel medication recommendation framework,
named VITA, that recommends medications by employ-
ing an enhanced patient representation, based on the fol-
lowing two novel ideas: (1) relevant-Visit selectIon that
automatically excludes past visits irrelevant to the current
one; (2) Target-aware Attention that accurately captures
the relevance score of the past visits to the current one.

* Extensive Evaluation: We validate the effectiveness of
VITA through extensive experiments using public real-
world datasets. Most importantly, VITA surpasses all six
state-of-the-art competitors, achieving an improvement
of up to 5.67% in terms of Jaccard. Also, the two core
ideas of VITA can be orthogonally combined with exist-
ing medication recommender systems; when combined,
they elevate the accuracy beyond that of the original ones.

2 Motivation

In this section, we demonstrate the limitations of existing
medication recommender systems via preliminary experi-
ments answering the following preliminary questions (PQs):
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Figure 1: Accuracies of GAMENet when varying the use of
past visit information of a patient. ‘All’ (resp. ‘No’) means
to use all (resp. not to use any) past visit information. ‘Top-
1/Mid.-1/Bot.-1’ means to use only one past visit informa-
tion that is the most/moderately/the least similar to the cur-
rent visit information, respectively. All differences are sta-
tistically significant with a p-value < 0.001.

* PQ1: Does using past visit information in representing
a patient’s current health status help accurate medication
recommendation?

* PQ2: Which past visit information is beneficial to better
representing a patient’s current health status?

Experimental Settings. We conducted experiments using
the GAMENet model (Shang et al. 2019b)?, the MIMIC-
III dataset (Johnson et al. 2016), and the accuracy measure
Jaccard, which are most commonly used in medication rec-
ommendation (Bhoi et al. 2021; Wang et al. 2021a,b; Yang
et al. 2021a,b; Wu et al. 2022b). Please refer to Section 4 for
more detailed information on experimental settings.

PQ1: Effect of the use of a patient’s past visit informa-
tion. We first analyze whether it is really helpful to use a
patient’s past visit information for representing her current
health status (i.e., in her patient representation) for recom-
mending medications at the current visit. To this end, we
compared the accuracy of GAMENet that uses all past and
current visit information as input to the RNN-based model in
the encoder (i.e., the original method) with that of its coun-
terpart that uses only her current visit information.

The results for the above two methods are represented as
‘All’ and ‘No’, respectively, in Figure 1-(PQ1). From the re-
sults, we found that using not only the current visit infor-
mation but also the past ones for patient representation is
helpful for accurate medication recommendation.

PQ2: Effect of the use of a patient’s past visit information
depending on its degree of relevance to her current visit.
Now, we analyze which past visit information of a patient is
helpful to obtain better patient representation in medication
recommendation. To this end, we first calculated the Jaccard
similarity between the current and each of past visit infor-
mation for each patient. Specifically, we first represented the
diagnoses (resp. procedures) given at each visit as a multi-
hot vector for each visit per patient. Then, we represented
each visit as a single vector by concatenating the two multi-
hot vectors of the diagnoses and procedures to calculate the

The results on other existing medication recommender sys-
tems showed similar tendencies to those on the GAMENet. These
results would be shown in the Appendix.
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Figure 2: Overview of VITA, composed of two components: an encoder based on relevant-visit selection and target-aware
attention; a predictor based on (a) current health-aware and (b) current health-relevant past medication representations.

similarity. After that, for each patient, we measured the ac-
curacy of GAMENet using only the past visit information
most similar to the current visit, along with the current one,
as an input to the RNN-based model in the encoder. The
result of this method is represented as ‘Top-1’ in Figure 1-
(PQ2). Also, for comparison, we additionally measured the
accuracy using moderately (resp. the least) similar one, in-
stead of using the most similar past visit information (the
moderately similar past visit is the one with the median sim-
ilarity). The result for this method is represented as ‘Mid.-1’
(resp. ‘Bot.-1) in Figure 1-(PQ2).

As shown in Figure 1-(PQ2), the accuracy decreases in the

order of using only the most similar, moderately similar, and
the least similar past visit information along with the current
one. In addition, we found that the accuracy when using only
the most similar (resp. the least similar) past visit informa-
tion along with the current one is rather higher (resp. lower)
than that of the original method using all past visit informa-
tion along with the current one (resp. the method using only
the current visit information) (compare ‘All’ (resp. ‘No’) and
‘Top-1’ (resp. ‘Bot.-1°) accuracies in Figure 1-(PQ1) and -
(PQ2), respectively).
Summary. Based on the above results, we draw the follow-
ing conclusions: (1) referencing past visit information in ob-
taining the patient representation is helpful for medication
recommendation; furthermore, (2) using only relevant (i.e.,
similar) past visit information to the current one is more
helpful; however, (3) using irrelevant (i.e., dissimilar) past
visit information to the current one has a negative effect.

3 VITA: Proposed Framework

In this section, we detail our proposed framework, VITA,
based on relevant-visit selection and target-aware attention.

3.1 Problem Definition

Definition 1: Patient Health Records. In Electronic Health
Records (EHR) data (e.g., MIMIC-III dataset), the health
records of each patient = consist of sequential visits V, =
VL o VI VT where VT denotes the (T —
1)-th visit of patient z. For simplicity, following (Zhang
et al. 2017; Shang et al. 2019a,b; Wu et al. 2022b), we omit
the subscript indicating a patient (i.e., x) and describe VITA
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with a single patient. Therefore, the patient’s visits are de-
noted by V = [V, ..., V(T=U_ VT] Each visit V(T—1)
of a patient consists of three subsets of all diagnoses D, all
procedures P, and all medications M the subsets are repre-
sented as multi-hot vectors (e.g., d(T—1) e RIPI p(T-1) ¢
RIPI and m(T—1D ¢ RIMI),

Definition 2: EHR and DDI Graphs. The EHR and
the Drug-Drug Interactions (DDI) graphs are denoted by
Geur = M, Egur) and Gppr = (M, Eppr), respec-
tively, where Egpr denotes the set of edges between med-
ications, each of which indicates that two medications have
been prescribed together at any visit of any patient, and
Eppr denotes the set of edges between medications, each
of which indicates that two medications may cause adverse
effects if taken together; their adjacency matrices Agpg,
Appr € RMIXIMI gatisty: Agnrli,j] = 1if and only if
the medications ¢ and j have been prescribed together at any
visit of any patient, A ppr [i, j] = 1 if and only if the med-
ication 7 and j can be harmful when they are taken together.
The same EHR and DDI graphs are used for all patients.
Medication Recommendation Problem. Given past health
records [V!, --- . V(T=D] and current visit information
(i.e., diagnoses d” and procedures p” given at the current
visit T') of a patient, and EHR and DDI graphs, the goal is to
recommend the medications M7 for her current visit 7. Key
notations used in this paper can be found in the Appendix.

3.2 Key Components in VITA

VITA consists of two components, an encoder and a predic-
tor, and its schematic overview is presented in Figure 2. In
the following, we delve into the details of each component.
Encoder. In its encoder, VITA aims to obtain an enhanced
patient representation q7 € R%™, which denotes her
current health status (i.e., at the 7-th visit), by employ-
ing relevant-visit selection and target-aware attention. To
achieve this, for each visit, VITA first concatenates visit ¢’s
diagnoses d? and procedures p?, and then feeds it into an
embedding layer to obtain a dense representation v? of visit
t, as follows: Vt € {1,--- , (T —1),T},

vi= concat(dt,pt)W67 (D

where W, € RUPIFIPDxdim depotes the learnable weight
matrix of the embedding layer.
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Relevant-Visit Selection. Then, VITA aggregates the dense
representations v? for all visits to obtain her patient repre-
sentation qT. Recall that, in Section 2, we showed that us-
ing only the past visit information relevant to the current one
is helpful for accurate medication recommendation. There-
fore, we design a novel relevant-visit selection module to
find only the past visits relevant to the current visit. How-
ever, here we encounter the following challenge: the num-
ber of past visits relevant to the current visit may differ per
patient; for some patients, it is possible that no past visit is
relevant to the current visit. To address this challenge, we
predict per patient whether each of the past visits is relevant
to her current one or not (i.e., whether to select or not).

Specifically, VITA obtains a set V"¢ of past visits relevant
to the current visit via the relevant-visit selection module.
To this end, for each visit, VITA first concatenates the dense
representations v? of the past visit ¢ and v7 of the current
visit T' to provide the relevant-visit selection module with
the context for deciding whether to select the past visit ¢, and
then feeds them into a Multi-Layer Perceptron (MLP) layer
to obtain the probability s? of the past visit ¢ being selected,
as follows: vt € {1,--- , (T — 1)},

st = sigmoid(concat(vt, VT)WS + bs), 2)

where W, € R2%m*1 and b, € R denote a weight ma-
trix and a bias value of the MLP layer, respectively. Finally,
VITA employs the Gumbel-softmax (Jang, Gu, and Poole
2017), which transforms the discrete sampling problem into
a differentiable continuous problem, thereby allowing for
the flow of gradients, to select the past visits relevant to the
current visit (i.e., to obtain the set V"¢"), as follows:

Vel ={vt:te{l,--- ,(T—1)}and [0} +0.5] =1}, (3)

exp((logn’ +27)/7y)
where of, = E§=lexp((lggnglzg)/rg))’ and 7t € R?*! de-
notes a vector obtained by concatenating the probability s?
and the probability (1 — s?) of each past visit ¢ not be-
ing selected; zfy and 7, denote the y-th sample from the
Gumbel(0, 1) distribution for the past visit ¢ and the tem-
perature hyperparameter, respectively.
Target-Aware Attention. Given the set V"', VITA aggre-
gates the dense representations v’ in V"¢ and v7 of the
current visit 7" to obtain the ultimate patient representation
q”'. Here, to the best of our knowledge, we are first to em-
ploy an attention network in the encoder of medication rec-
ommender systems; this aims to accurately capture the rele-
vance score o between the current visit 7' and each relevant
past visit ¢, without relying solely on the visit order®. More-
over, to obtain an accurate relevance score ot even when all
the past visits are weakly relevant to the current visit, we de-
sign a novel target-aware attention module that assigns the
relevance score o of each past visit ¢ relatively not only to
the other past visit but also to the current visit.
Specifically, using the dense representation v’ of the cur-
rent visit T as a query and all dense representations v’ €
Vrel for the relevant past visits t and v of the current visit

3Nevertheless, we experimented with a variant of VITA that in-
corporates positional encoding into our target-aware attention, but
the current version of VITA showed higher accuracy.
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T as keys and values, VITA computes the relevance score
ot between the current visit and each of relevant past visits,
as follows: Vvt € Vet U {vT},

t_ exp(VIWovtT) /v dim)
2vi evrelu{vT} egﬂp((vTWaV'fT)/\/diim) ’

where W, € R4mxdim denotes a learnable weight matrix
of the target-aware attention module. It is worth noting that
the relevance score o for the current visit 7" is also calcu-
lated; thus, the sum of the softmax values for all selected past
visits (except for the current visit) is not necessarily fixed to
1; it is also possible for the sum to be much smaller than 1 if
all selected visits are weakly relevant to the current visit.

Finally, VITA obtains the patient representation q” by ag-
gregating the dense representation v’ of the current visit T
and all dense representations v* € V"¢ of the relevant past
visits ¢ based on their relevance scores o, as follows:

t_t
ZVtEVTSZU{vT} av. (5)

We highlight that VITA’s two core ideas (i.e., relevant-
visit selection and target-aware attention modules) can be
orthogonally combined with the encoder of any medication
recommender systems, thereby improving their accuracy;
this claim will be empirically validated in Section 4.
Predictor. In its predictor, VITA aims to recommend the

set MT of necessary medications for a patient based on her
patient representation g’ obtained. To this end, VITA first
obtains, using the patient representation q”, the two medi-
cation representations (a) p;, € R%™, which captures fea-
tures of the k-th medication that are necessary at her current
visit T" when considering her current health status, and (b)
p; € RIMI which captures the probabilities that all medi-
cations prescribed at her past visits will be recommended as
the k-th medication at her current visit 7" when considering
her current health status. Then, VITA fuses them to obtain
the k-th medication of the necessary medications for her cur-
rent visit. The above process is iteratively performed until all
necessary medications for her current visit are obtained.*
(a) Current Health-Aware Medication Representation.
To obtain a current health-aware medication representation
p., VITA first obtains enriched medication representations
e; via the relations between medications, by applying an in-
dependent two-layer Graph Convolutional Network (GCN)
to each of the EHR and DDI graphs with randomly initial-
ized medication representations e;, and then fusing outputs
of the two GCN5s per medication (Shang et al. 2019b).
Subsequently, VITA begins to obtain the current health-
aware medication representation pg using the patient repre-
sentation q” and the medication representations e;. In this
process, especially, VITA focuses on the medications al-
ready predicted (i.e., medications up to the (k—1)-th’) rather

«

“)

T
q

*In practice, VITA predicts the <END> token (class), indicat-
ing that the medication prediction at the patient’s current visit is
completed. Also, we compared the accuracies of the one-by-one
approach and the all-at-once approach on our framework. The re-
sults showed that the one-by-one approach was more accurate.

’k > 1,whenk =1,a randomly initialized <START> token
(representation) is used.
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than all medications, since this approach helps ensure that
the relations between recommended medications are consid-
ered when recommending the next one. This process can be
formally expressed as follows:

Tl T,(k—1)

-y €x

trans former(e, Yyoq©

)a’,
(6)

where transformer(-) denotes a transformer-based model

as used in (Wu et al. 2022b), which aggregates inputs consid-

ering the relation between inputs; e 7= Genotes a medi-
cation representation of the (k — 1)-th predicted medication
at the current visit 7'; ® denotes a dot-product.

(b) Current Health-Relevant Past Medication Represen-
tation. Next, VITA obtains a current health-relevant past
medication representation p; . To achleve this, VITA eval-
uates two levels (spec., medlcatlon level r mi € R and visit-
level ! € R) of relevance between the current visit and each
past visit (Wu et al. 2022b). Specifically, the relevance 77,
at the medication-level indicates how much each medrcatron
1 prescribed at each of the patient’s past visits ¢ is related to
the k-th medication that is necessary at her current visit 7'

(i.e., pi), as follows: Vi € m*; vt € {1,--- , (T — 1)},
oo ewp((e-ka)/\/%)
i eap((el © pf)/Vdim)

where e! denotes a medication representation of medication
1 prescribed at the ¢-th visit; m! is defined in Section 3.1.
While the relevance 7! at the visit-level indicates how much
the patient’s health status at each past visit ¢ is related to her
current health status. So, VITA first obtains the patient rep-
resentation q' at the ¢-th past visit for all her past visits in the
same way as in its encoder. Then, VITA employs the target-
aware attention module, using the patient representation q”'
as a query and the patient representations q* and q for all
her visits as keys and Values (refer to Eq. (4)).

Given the two levels r! , and r! of relevance between the
current and each past visit, V ITA obtarns the current health-
relevant past medication representation p; , as follows:

(T-1)

_ t ot ¢
= ToTm (T
t=1

t
. + T i
where Vi € M, r,, = { 6’“ ’
?

pPi = softmaz (

dim

@)

(®)
i€m’,
otherwise.

Finally, VITA fuses the two medication representations
pl and p? to obtain the k-th medication of the necessary
medications for the patient’s current visit 7', as follows:

~T
..... imiy (i )
where Py, = Ai{softmaz(pi Wy +bp)} + (1 — )Pk »

MT = MT U argmax
g ke{1 ©)

where the set M7 begins as an empty set; p/ € RIM
denotes the probabilities that all medications will be rec-
ommended as the k-th medication at her current visit 7';
W, € RE#mxIMl and b, € RIMI denote a learnable weight
matrix and a bias vector, respectively; A\, € R denotes a
learnable parameter. In other words, based on such a f){,
VITA predicts the medication with the highest probability
as the k-th medication.
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3.3 Training

For the medications predicted by VITA, we employ the
cross-entropy loss as the objective function, same as in (Wu
et al. 2022b), to learn the medication representations e; and
other learnable parameters of VITA, as follows:

T M|

—> > mijlog(n;)

t=1 i=1

(10)

4 Evaluation

In this section, we conducted extensive experiments aiming
at answering the following key research questions (RQs):

* RQ1: Does VITA provide more accurate recommenda-
tion than state-of-the-art medication recommenders?

* RQ2: Is each of VITA’s two core ideas effective for med-
ication recommendation?

* RQ3: Does equipping existing methods with VITA’s two
core ideas consistently improve their accuracies?

* RQ4: Which past visit information does VITA select
from all of the patients’ past visit information?

4.1 Experimental Settings

Datasets. We used the MIMIC-III dataset (Johnson et al.
2016), widely used in medication recommendation stud-
ies (Shang et al. 2019b; Yang et al. 2021a,b; Wu et al.
2022b), and the MIMIC-IV dataset (Johnson et al. 2023),
which is a follow-up dataset to MIMIC-III dataset. Follow-
ing (Shang et al. 2019b; Yang et al. 2021a,b; Wu et al.
2022b), we also filtered out the patients who visited only
once and the medical records related only to them. Please re-
fer to the Appendix for detailed statistics of the two datasets.
Competitors. We compared VITA with six competitors: one
basic classifier (Nearest as used in (Shang et al. 2019b))
and five state-of-the-art medication recommender systems
(LEAP (Zhang et al. 2017), GAMENet (Shang et al. 2019b),
MRSC (Wang et al. 2021b), SafeDrug (Yang et al. 2021b),
and COGNet (Wu et al. 2022b)).

Evaluation Protocols. We randomly split the patients in
each dataset into training (4/6), validation (1/6), and test
(1/6) sets as in (Shang et al. 2019b; Yang et al. 2021b; Wu
et al. 2022b). To measure accuracy, as in (Shang et al. 2019b;
Wang et al. 2021a,b; Yang et al. 2021b; Wu et al. 2022b),
we used the following three measures: Jaccard, PRAUC, and
F1. In addition, following (Shang et al. 2019b; Wang et al.
2021a; Yang et al. 2021b; Wu et al. 2022b), we used the DDI
rate (Shang et al. 2019b) to measure the possibility of ad-
verse effects between recommended medications. However,
due to space limitations, we present only the results in terms
of accuracy here. Please refer to the Appendix for the results
from the DDI rate. Furthermore, for each measure, we report
the average values over five independent runs for most of our
experiments; in Tables 1, 2 and Figure 3, all improvements
are statistically significant with a p-value < 0.001.

4.2 Results and Analysis

Due to space limitations, for RQ3 and RQ4, we present the
results on the MIMIC-III dataset only. Please refer to the
Appendix for the results from the MIMIC-IV dataset.
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Datasets MIMIC-III / MIMIC-1V

Measures Jaccard PRAUC F1
Nearest 0.392/0.452 0.381/0.446 0.547/0.605
LEAP 0.431/0.427 0.638/0.595 0.594/0.584
GAMENet | 0.435/0.460 0.675/0.703 0.590/0.611
MRSC 0.486/0.449 0.741/0.691 0.645/0.606
SafeDrug | 0.506/0.473 0.754/0.698 0.663/0.625
COGNet 0.509/0.494 0.757/0.707 0.667 / 0.647
VITA 0.528/0.522 0.767/0.715 0.682/0.669

Table 1: Accuracies of six competitors and VITA. The best
and the second-best results in each column (i.e., each mea-
sure) are in bold and underlined, respectively.

RQ1: Comparison with Six Competitors. To demonstrate
the superiority of VITA, we compared the accuracy of VITA
and those of the six competitors®.

As shown in Table 1, VITA outperforms all competitors
on all datasets for all measures consistently. Specifically,
on the MIMIC-III and -1V datasets, VITA outperforms the
best competitor (i.e., COGNet) by up to 3.73% and 5.67%
in terms of Jaccard. The improvement gap increased from
3.73% in the MIMIC-III dataset to 5.67% in the MIMIC-IV
dataset in terms of Jaccard. This is interpreted as our idea
of selecting and using only the past visits relevant to the pa-
tient’s current visit becoming more important as the number
of visits increases (the MIMIC-IV dataset, compared to the
MIMIC-III dataset, contains about 2.15 times as many pa-
tients and about 2.53 times as many visits, with the average
number of visits per patient increasing from 2.59 to 3.05).

Also, in the Appendix, we will analyze the training time
of VITA and competitors for a more comprehensive under-
standing of the efficiency of VITA’s encoder.

RQ2: Ablation Study. In order to verify the effectiveness
of our two novel ideas of VITA (relevant-visit selection and
target-aware attention), we conducted comparative experi-
ments using VITA and its variants.

VITA’s variants for confirming the effectiveness of
relevant-visit selection. (1) VITA-R does nor use the
relevant-visit selection module in VITA. (2) VITA-R7 . uses
only one past visit, which is most similar to the current visit
of a patient in terms of Jaccard similarity, and the current
visit information as input for its encoder, instead of using
the relevant-visit selection module. Also, we note that, when
the value of temperature of the attention network is close
to zero, the difference between the attention weights in-
creases, sharpening their distribution (Hinton, Vinyals, and
Dean 2015; Nguyen, Pernkopf, and Kosmider 2020). It will
make our target-aware attention module have an effect sim-
ilar to using only the past visits relevant to the current visit;
in other words, this will be able to play a role similar to the
relevant-visit selection module. Therefore, we measured the
accuracies of VITA-R, while varying the temperature 7, of
its target-aware attention module from 1 to 0.2 by 0.2 (please
refer to the Appendix for detailed results of this experiment);

SWe carefully tuned the hyperparameters of all methods. Please
refer to the Appendix for the specific hyperparameter values.
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Datasets MIMIC-III / MIMIC-1V

Measures Jaccard PRAUC F1
VITA 0.528/0.522 0.767/0.715 0.682/ 0.669
VITA-R 0.516/0.520 0.756/0.709 0.671/0.659
VITA-Rr.1 | 0.514/0.480 0.741/0.694 0.670/0.635
VITA-R:h.. | 0.519/0.520 0.762/0.709 0.672/0.664
VITA-T..g. | 0.512/0.513 0.751/0.707  0.665 / 0.660
VITA-T, ., | 0.515/0.517 0.754/0.701 0.668 / 0.663
VITA-T,::. | 0.518/0.520 0.759/0.709 0.670/0.662

Table 2: The effects of VITA’s two core ideas (relevant-visit
selection and target-aware attention). The best result in each
column (i.e., each measure) is in bold.

we considered (3) VITA-R,p,., which is VITA-R with the
best-performing temperature 7.
VITA’s variants for confirming the effectiveness of
target-aware attention. (1) VITA-T,,,. (resp. (2) VITA-
T,nn) employs the mean pooling (resp. a RNN-based model
(spec., GRU)) instead of the target-aware attention module
in VITA when fusing the past visit information relevant to
the current visit. (3) VITA-T,::. employs a typical attention
network that uses the current visit information as a query
and the relevant past visit information as keys and values,
instead of the target-aware attention module, when fusing
the past visit information relevant to the current visit.

Table 2 shows the accuracies of VITA and its all variants.

Results regarding the effectiveness of relevant-visit selec-
tion. We observed that VITA outperforms VITA-R. This re-
sult indicates that using only the past visits relevant to the
current visit is important in recommending effective medi-
cations to patients; in other words, the past visits irrelevant
to the current visit should not be considered at all when rec-
ommending medications. However, even though VITA-R_;
employs only one past visit most relevant to the current visit
of a patient in terms of Jaccard similarity, this shows lower
accuracy than VITA-R. This is because, although the num-
ber of past visits relevant to the current visit may differ per
patient, this employs a fixed number of past visits for all pa-
tients, which has adversely affected learning by including
(resp. excluding) the past visits that are actually irrelevant
(resp. relevant) to the current visit. This supports the de-
sign of our relevant-visit selection module, which does not
have such a restriction. We also observed that VITA-R,},,.
showed lower accuracy than VITA. Note that it is difficult
for VITA-R,j,. to flexibly select any number of past visits
relevant to the current visit for each patient, because it op-
erates similarly to the argmax function as the distribution of
attention weights continues to sharpen.

Results regarding the effectiveness of target-aware atten-
tion. We observed that VITA outperforms all its variants
related to target-aware attention (i.e., VITA-Tqyq., VITA-
Tynn, and VITA-Ty4.), confirming the effectiveness of the
target-aware attention module. Also, we observed that the
accuracies for most measures improve in the order of VITA-
Tavg., VITA-Trpp, and VITA-Ty;. . The results indicate that
(1) capturing the degree of relevance between the current
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Figure 3: Accuracies of four longitudinal-based methods and
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visit and each past visit plays an important role in obtain-
ing higher accuracy (this is from the fact the accuracy of
VITA-T 44, is worse than those of VITA-T,.,,,, VITA-Ty4.,
and VITA in most measures); (2) such relevance may not be
consistent with the order of the visits (this is from the fact
the accuracy of VITA-T,.,, is worse than those of VITA-
Taue. and VITA in most measures); (3) it is important to ac-
curately capture the degree of relevance between the current
visit and each past visit in providing better accuracy (this is
from the fact the accuracy of VITA-T,;;. is worse than that
of VITA in all measures). These findings again support the
limitation of existing works that we previously pointed out.
Also, it bears mentioning that all variants of VITA, ex-
cept for VITA-Rr.1, outperform the best competitor (i.e.,
COGNet) for most measures (compare Tables 1 and 2), even
though they incorporate only one of VITA’s two core ideas;
this validates that VITA’s single core idea alone is beneficial
in improving the accuracy of medication recommendation.
RQ3: Compatibility of VITA’s Two Core Ideas. In Sec-
tion 3.2, we claimed that VITA’s two core ideas can be
applied orthogonally to most medication recommenders,
thereby improving their accuracy. To validate this claim, we
compare the accuracy of four longitudinal-based methods
(GAMENet, MRSC, SafeDrug, and COGNet) and their vari-
ants, each of which is equipped with the two core ideas of
VITA (GAMENet(VITA), MRSC(VITA), SafeDrug(VITA),
and COGNet(VITA)); the results of the methods are repre-
sented as the first three letters of the methods in Figure 3.
As shown in Figure 3, the variants of existing methods
equipped with the two core ideas of VITA outperform the
original methods in Jaccard (please refer to the Appendix for
the results from PRAUC and F1); that is, the result shows
that our two core ideas are equipped orthogonally to most
medication recommenders, improving their accuracy.
RQ4: Analysis of Selected Past Visits. One of the two core
ideas of VITA, the relevant-visit selection, automatically se-
lects only the past visit relevant to the current visit. To in-
vestigate which past visit of patients was selected by the
relevant-visit selection module, we analyze the visit infor-
mation of patients in the test set. We first calculated the Jac-
card similarity between the current and each past visit in-
formation of a patient in the test set as in Section 2. Then,
we divided the past visits of patients into the following two
groups: (i) (resp. (ii)) the past visits selected (resp. not se-
lected) by the relevant-visit selection module; the statistics
of the Jaccard similarity for each group, along with those of
all past visits for comparison, are represented in Figure 4.
As shown in Figure 4, the relevant-visit selection module
tended to select the past visit information with a high Jaccard
similarity to the current visit information. Numerically, the
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Figure 4: The statistics of the Jaccard similarity between pa-
tients’ current visit and ‘all’ past visits, (i) (resp. (ii)) the
past visits ‘selected’ (resp. ‘not selected’) by the relevant-
visit selection module.

average of Jaccard similarity between the past visit informa-
tion selected by the relevant-visit selection module and the
current visit information is 0.2164, which is 22.81% higher
than that for the past visit not selected by the relevant-visit
selection module (0.1762). Note that the relevant-visit selec-
tion module did not always select the past visit information
similar to the current one of the patients in Jaccard similar-
ity. This implies that, even if the past visit information is not
similar to the current one in Jaccard similarity (i.e., on the
face of it), it can be useful for accurate medication recom-
mendation (e.g., due to its possible inherent relevance with
the current one), as inferred from the superior performance
of VITA, which is equipped with the relevant-visit selection.
Additionally, a case study on past visits dissimilar to the cur-
rent visit in Jaccard similarity but selected by the relevant-
visit selection module would be shown in the Appendix.

5 Conclusions

In this paper, we demonstrated the following two important
points w.r.t. representing a patient’s current health status: (1)
it is required to accurately capture the relevance between
current visit information and each of past visit information;
(2) using past visit information irrelevant to the current one
is harmful; in other words, only the past visits relevant to
a patient’s current visit should be ‘carefully chosen’, and
the chosen past visits should be ‘weighted less’ when ag-
gregated according to the degree of relevance. Considering
these points, we proposed a novel medication recommenda-
tion framework, named VITA, based on the following two
core ideas: relevant-visit selection, which allows for flexi-
ble selection of only the past visits relevant to the current
visit per patient (even allowing for the selection of all past
visits or selecting none of them, if necessary); target-aware
attention, which accurately captures the relevance score be-
tween a patient’s current visit and each of past visits (even
covering when all the past visits are weakly relevant to the
current visit). Our two novel ideas are effective in improv-
ing the accuracy, thereby making VITA, which is the final
version equipped with all the ideas, consistently and signif-
icantly more accurate than its six competitors on real-world
datasets. Furthermore, our two core ideas can be applied to
the various medication recommender systems (even in the
recommender systems of another domain) orthogonally.
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