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Abstract

Medication recommendation is a crucial task in
healthcare, especially for patients with complex
medical conditions. However, existing methods of-
ten struggle to effectively balance the reuse of his-
torical medications with the introduction of new
drugs in response to the changing patient condi-
tions. In order to address this challenge, we pro-
pose an Adaptively Responsive network for Med-
ication Recommendation (ARMR), a new method
which incorporates 1) a piecewise temporal learn-
ing component that distinguishes between recent
and distant patient history, enabling more nuanced
temporal understanding, and 2) an adaptively re-
sponsive mechanism that dynamically adjusts at-
tention to new and existing drugs based on the
patient’s current health state and medication his-
tory. Experiments on the MIMIC-III and MIMIC-
IV datasets indicate that ARMR has better perfor-
mance compared with the state-of-the-art baselines
in different evaluation metrics, which contributes to
more personalized and accurate medication recom-
mendations. The source code is publicly avaiable
at: https://github.com/seucoin/armr2.

1 Introduction

In the era of big data, abundant health information enables
researchers and clinicians to develop sophisticated predictive
methods for clinical decision support [Choi et al., 2016a;
Xiao et al., 2018; Ali et al., 2023]. Medication recommen-
dation aims to provide personalized and effective medication
plans based on a patient’s medical history, current diagnoses,
and other relevant information. However, this task is partic-
ularly challenging for patients with complex conditions [Wu
et al., 2022; Shang et al., 2019al, as their medical histories
are often intricate and their responses to medications can be
highly variable.

Deep learning methods have emerged as a powerful tool for
modeling complex patterns in healthcare data [Zhang ef al.,
2017; Le et al., 2018; He et al., 2020]. Their ability to cap-
ture intricate patterns and dependencies [Shang et al., 2019b;

*Corresponding author.

7831

Newly Introduced Medication Distribution

0.30

mmm MIMIC-III
. MIMIC-IV

Sample Proportion

[0'QO.J)[O"Z'O.zjo'?'04550'3'044§0‘4'04550’5'0.6)[0'6'0.7)[0'7'0.8)[0'&0.9)[0"9'1)

Ratio

Figure 1: The proportion of newly introduced drugs in all drug pre-
scriptions in the datasets. The x-axis represents the proportion range
of new drugs, and the y-axis represents the proportion of prescrip-
tions with the corresponding ratio in the dataset.

Bhoi et al., 2021; Bajor and Lasko, 2022] makes them well-
suited for medication recommendation tasks. Unlike tradi-
tional rule-based or instance-based methods, deep learning
methods can learn from large datasets and adapt to the unique
characteristics of individual patients. This adaptability is cru-
cial for developing personalized medication plans that can
evolve with the patient’s changing health status. Despite the
advantages of deep learning methods, existing methods in
medication recommendation face several limitations:

Neglecting the Importance of New Drug Patterns. Fig-
ure 1 shows the distribution of new and old drugs in pre-
scribed medications. New drugs represent the drugs that has
never been used before, while old drugs are the opposite.
Each time the prescribed drug set contains about 30% new
drugs on average. Many methods focus on modeling how
to fully reuse old drugs [Wu et al., 2022; Bhoi et al., 2021;
Yang et al., 2021a; Choi et al., 2016b] or recommending full
medication sets [Zhang et al., 2017; Shang et al., 2019b],
but neglect the importance of prescribing new drugs. For
example, if a patient with hypertension is prescribed a new
drug hydrochlorothiazide at some point, amlodipine is likely


https://github.com/seucoin/armr2
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Figure 2: The similarity between two prescriptions for patients
shows a decreasing trend with the increase of the interval between
two admissions. The x-axis represents the interval between admis-
sion times for prescriptions, and the y-axis denotes the average sim-
ilarity between all prescription pairs at the corresponding interval.

to be prescribed later. Learning the pattern of introduced
newly prescribed drugs may help the method better under-
stand the evolving health conditions as physicians adapt treat-
ment plans to the patient’s changing requirements.

Insufficient Exploitation of History Records. Figure 2
shows a statistical analysis of the datasets. Generally, the
larger the time lag between admission records, the greater the
difference between medical code sets. Many existing meth-
ods focus primarily on recent patient data, neglecting the po-
tential value of long-term historical information. However,
distant records can still be crucial. For example, a patient’s
severe health event from several years ago may be crucial for
understanding their current condition, yet traditional methods
may overlook this due to their focus on recent records.

To address these limitations, we propose the Adap-
tively Responsive Network for Medication Recommendation
(ARMR). This method adjusts attention to new and old drugs
through an adaptively responsive mechanism, according to
the patient’s current health condition and drug usage history.
Furthermore, we introduce a PTL component to effectively
distinguish and process a patient’s long-term and short-term
health records, thereby improving the accuracy and personal-
ization of medication recommendations. Our major contribu-
tions are:

* We propose a medication recommendation method that
combines a dynamic adaptive mechanism and piecewise
temporal learning. Compared to existing methods, our
method is the first to explicitly distinguish the recom-
mendation needs for new and history drugs, and dy-
namically adjust the recommendation strategy based on
changes in the patient’s current health state.

* We develop a unique piecewise temporal learning com-
ponent which can more accurately process and ana-
lyze information in long-term health records, providing
more personalized and accurate medication recommen-
dations.

* We conduct comprehensive experiments on two public
medical datasets. ARMR outperforms the state-of-the-art
baselines by 2.16% improvement in Jaccard similarity
and 2.55% in PRAUC, respectively.

2 Related Work

In recent years, medication recommendation has garnered
significant attention due to its potential to improve patient
care. Existing methods can be broadly classified into three
categories based on the information they utilize, which are
rule-based methods, instance-based methods, and longitudi-
nal methods.

Rule-based methods. These methods typically rely on pre-
defined clinical guidelines or attempt to derive rules from
electrical health records [Almirall et al., 2012; Chen et al.,
2016]. For instance, [Lakkaraju and Rudin, 2017] employs
Markov Decision Processes to learn mappings between pa-
tient characteristics and treatments, optimizing a series of if-
then-else rules. Another study [Solt and Tikk, 2009] focuses
on extracting rules from discharge summaries. However,
these methods often require substantial input from healthcare
professionals and may lack generalizability.

Instance-based methods. These methods focus solely
on current visit data to extract patient features. [Zhang et
al., 2017] conceptualizes medication recommendations as
a multi-instance multi-label task, proposing a sequence-to-
sequence method with a content-attention mechanism. [Gong
et al., 2021] approaches the problem as a link prediction task,
jointly embedding diseases, medicines, patients, and their
relationships into a shared space using knowledge graphs.
However, these methods often neglect valuable historical pa-
tient data.

Longitudinal methods. This category represents popular
methods that leverages sequential dependencies in patient
treatment histories [Choi et al., 2016b; Wu et al., 2022;
Yang et al., 2021a; Chen et al., 2023; Yang et al., 2023;
Liu et al., 2024; Shang et al., 2019b; Tan et al., 2022;
Zhang et al., 2023; Shang et al., 2019a; Bhoi et al., 2023].
Many of these methods employ RNN-based architectures to
capture longitudinal patient information. For example, [Choi
et al., 2016b] introduces a two-level neural attention net-
work to effectively identify relevant information from pa-
tient visits. [Shang et al., 2019b] incorporates a memory bank
to integrate global medication interaction knowledge. MI-
CRON [Yang et al., 2021a] utilizes residual networks to pre-
dict health condition changes by analyzing differences be-
tween consecutive visits. Some studies [Chen ef al., 2023;
Yang et al., 2023] combine RNNs with graph neural networks
to enhance medication representation. COGNet [Wu er al.,
2022] employs Transformer architecture to encode medical
code sets and introduces a copy module for explicit reuse of
historical medications. More recently, [Liu et al., 2024] ex-
plores the potential of large language models for medication
recommendation.

Our proposed method distinguishes itself from existing
work by explicitly differentiating between historical and
new medications and by incorporating fine-grained temporal
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learning to capture evolving patient conditions. This strat-
egy aims to provide more precise and personalized medica-
tion recommendations.

3 Preliminaries

3.1 Problem Formulation

Definition 1 (Electrical Health Records) Electrical Health
Records (EHRs) collect the medical information of patients
over time. An EHR is composed of a series of medical visits
denoted as V'V = {Vl(l), VQ(”, e ,V:(FZ()“ }, where T rep-
resents the total number of visits for the i-th patient. For
notational simplicity, we omit the patient index © when the
context is clear. Each visit contains three essential sets:
the diagnosis set D = {dy,da,--- ,d|p}, the procedure
set P = {p1,P2, -+ ,P|p|}, and the medication set M =
{my,my,--- ;myprq}. Here, | - | denotes the cardinality
of each set. Each visit V, is then characterized by a triplet
{Ds, P, My}, where Dy C D, Py C P, and My C M rep-
resent the diagnoses, procedures, and medications associated
with that visit, respectively.

Definition 2 (Medication Recommendation) Given a pa-
tient’s current diagnoses D,, procedures P;, and historical
visit information {V1,Va,- -+ ,Vy_1}, medication recommen-
dation aims to recommend an appropriate medication combi-
nation My for the patient’s current visit.

Notation | Description

The record for a single patient

All diagnosis set

All procedure set

All medication set

The length of patient’s visit records
The diagnosis set of a single visit
The procedure set of a single visit
The medication set of a single visit

5T A9

Table 1: The notations used in ARMR.

4 The Proposed Method

4.1 Opverall Arcitecture

As shown in Figure 3, our ARMR method comprises one plug-
gable component and three modules: (1) a hybrid piecewise
temporal learning (PTL) component that encodes temporal
medical codes set sequences by considering two stages; (2) an
adaptively responsive module (ARM) that learns dynamic
medication representation from both historical medication us-
age and new medication in response to changing conditions;
(3) a patient representation learning module that learns
patients’ comprehensive representations from their EHR data;
(4) the patient’s and medication’s representation vectors are
combined in the joint recommendation module, where the
final drug output is obtained from element-wise thresholding.
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4.2 Piecewise Temporal Learning

The piecewise temporal learning component addresses the
varying impact of long-term and short-term health records
on drug recommendations. It divides health records into
“recent” and “distant” segments. Given an input sequence
S € RT*dm of length T' (T > N), we split it into a recent
part: Speqr = [SM), 8P, .. SV)] € RNXdim and a distant
part: Sfar — [S(N+1), S(N-i—2)7 e S(T)] c R(T—N)Xdim,
and N is a hyperparameter determining the split point. For
Shear, we apply a feedforward neural network to capture re-
cent health changes h,,¢., as follows:

hnear = LayerNorm(Snear + FFPTL(SHE(LT‘)) (1)

where LayerNorm [Ba et al., 2016] is layer normalization
function, and FFpry, is a two-layer fully connected feedfor-
ward network. For distant health changes, we need an ef-
ficient sequence modeling architecture that can effectively
capture long-range dependencies while maintaining compu-
tational efficiency. Mamba [Gu and Dao, 2023], a state-
of-the-art selective state space model, has shown superior
performance in modeling long sequences through its input-
dependent selection mechanism. While transformer-based
(with quadratic-complexity) architectures are possible alter-
natives, Mamba offers comparable sequence modeling ca-
pabilities with significantly better computational efficiency
(near linear). This makes it particularly suitable for pro-
cessing longitudinal patient records with long-term patterns.
Thus, we utilize the Mamba block to obtain distant health
changes representation h ;. as follows:

I )

We then combine the recent health change representation
h,cqr and the distant health change representation h¢,, to
get an enhanced distant health change representation h’'
using an attention mechanism as follows:

h, = Mamba(S'")

far>:

h'fo, = LayerNorm(hnem.—|—Softmax(hnem.(hfm.)T)hfg))
where Softmax is a commonly used mathematical function
to transform a vector of values into a probability distribution.
This operation aims to make the component focus on relevant
historical information based on recent context. Finally, we
concatenate the processed representations to get an overall
temporal representation hg as follows:

hg = CONCAT(h,,eqr, b’ fo,) € RZVXdim 4)

where CONCAT concatenation between vectors. We denote
this entire process as PTL(S) = hg. The PTL component in-
tegrates multiple techniques to analyze temporal data by dis-
tinguishing between recent and historical information. In this
component, the feedforward network is utilized to capture im-
mediate health status, while the Mamba block is employed to
learn distant health status.

4.3 Adaptively Responsive Module

The adaptively responsive module generates dynamic med-
ication embeddings based on the patterns of newly intro-
duced drugs and historically reused drugs. By distinguish-
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11. Adaptively Responsive Module (ARM)
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Figure 3: The overview of ARMR’s architecture. Given the input longitudinal patient EHR which comprises M, D and P, we predict
the last medication set 6. Step 1: learning personalized medication representation E’,,,, Step 2: learning the patient’s comprehensive
representation hyqtient, Step 3:  obtaining the final predicted medication set 6. The Mamba module is utilized in PTL, while the PTL

component is used as a sequence temporal extractor.

ing both types of drugs, we aim to personalize recommen-
dations to make the module adapt to both continuing treat-
ments and newly introduced medications. Given a sequence
of drug sets {mj,mo,...,mr_1} where m; C M, we
define two set sequences, i.e., the existing drug set se-
quence: {m{,m$,...,m$% ,} and the new drug set se-
quence: {m7, m7%,...,m}_,} as follows:

(] ifi=1
mi = m; N ( ;;11 mk) ife >1 )
m, ifi=1
mi {mi\mf ifi>1 ©

where m{ represents the medications that were also pre-
scribed in previous visits, while m' represents newly intro-
duced medications at each visit. We use N to represent set
intersection, and \ to represent set difference. The separation
of the existing drug set and the new drug set for each prescrip-
tion aims to make the module differentiate between ongoing
treatments and new interventions. We embed these sequences
and apply two different PTL components PTLY, and PTLY,
corresponding to m§ and m{ respectively, and then obtain
time-sensitive representations h?, and h’ as follows:

hg, = PTLS,({mlE,,|1 < i < T}) ™)

h” = PTL: ({m'E,,|1 <i < T}) ®)

where E,,, € RIP!IX4™ is the base medication embedding
which is randomly initialized. The use of PTL aims to make
the module capture temporal patterns in both existing and
new medication sequences. We then define two medication
set masks: used drugs mask h® € RIM! and unused drugs
mask bV e RIMI, to explicitly select the used drugs and
unused drugs, respectively. These are derived from the his-
torical medication sequence mj; = U;Trz_ll m;. h? and hév
are defined as the j-th values of h® and h*V' respectively:

T-1

he = (a; - e T 0)« 1{M; e my},1 < j < M|
=1

9)

hY =1-1{M; em;},1<j < M| (10)

where «; and ; control time decay. h? leverages the occur-
rence time, frequency, and time decay of medications to build
the representation of medication history. 1{-} is an indicator
function which will return 1 if the given expression is true
and otherwise 0. hé-v indicates unused medications, aiming
to make the module consider potential new treatments. Fi-
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nally, we compute the responsive medication representation
E’,, € RIPIxdim a5 follows:

E,=E,®h%oq,+hV oq,)

_ En (h7,)"W,
qQo = SOftmaX(W) (1 1)
n\T
an = Softmasx( Zmm)” Wn,
1m

where W,, W,, € R2VXdim are Jearned weights, and q,
and q,, combine the base medication embedding E,,, with
the time-sentisive representations h¢, and h} respectively, so
that we can get a dynamic representation of each medication.

4.4 Patient Representation Learning

The patient representation learning module aims to cre-
ate comprehensive representations of patients’ health status
based on their historical diagnosis and procedure codes. This
module processes the visit records V = {Vi, Vs, -+, Vr}
to encode both diagnosis and procedure information for each
visit. At first, we utilize an embedding table E; € RIPIxdim
where each row represents a diagnosis code embedding. For
a multi-hot diagnosis vector d*) € {0, 1}IP] at the ¢-th visit,

(t)

we compute the diagnosis representation dt” as follows:

d®) = dVE, (12)

This operation sums the embeddings of all active diagnosis
codes for the visit. Similarly, we use a procedure embedding
table E,, € RIPI*4m (5 encode the procedure vector p(*) as
follows:

pt’ =p"E, (13)

The resulting embedding vectors dg), pg) € R%™ encode
the patient’s health condition for each visit. To capture lon-
gitudinal information, we apply two PTL components PTL4
and PTL,, to the sequences of diagnosis and procedure em-
beddings respectively as follows:

d, = PTLa({dP|1 <t < T}),

(14)

pr = PTL,({p{"[1 <t < T})
where dj,, pr, € R?Y xdim - Thjg step allows the method to
learn temporal patterns in both diagnosis and procedure his-
tories. Finally, We combine the diagnosis and procedure in-
formation to create the final patient representation as follows:

hpatient = CONCAT(dh, ph) (15)

where hpgiens € R¥V*4m By integrating both the content
(diagnoses and procedures) and the temporal aspects of a pa-
tient’s medical history, this module creates a representation
that can be used in the subsequent drug recommendation.

4.5 Joint Recommendation

At first, we employ a direct mapping from the patient repre-
sentation to drug recommendations. This is achieved through
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a specialized neural network FF,, , which transforms the pa-
tient encoding hyqticn: into a preliminary recommendation
vector o; as follows:

01 = FF,, (hpatient), 01 € RMI (16)

Concurrently, we utilize a similarity-based method to cap-
ture nuanced relationships between patient characteristics and
drug properties to obtain os. This involves projecting the pa-
tient representation into a drug-compatible space using an-
other neural network FF,,, followed by a similarity compu-
tation with drug embeddings E’,,, as follows:

05 = sim(FFo, (hpatient), E'm), 02 € RM (17)

where sim(-, ) represents the cosine similarity function as
follows: <
sim(x,y) = x Y (18)
x|yl
The final recommendation 6 is derived by combining these
two outputs o; and o, through a weighted sum, followed by
a sigmoid activation to ensure output values are constrained

between 0 and 1 as follows:
0 = 0(W101 + W202) (19)

where w1 and wo are learnable parameters that determine
the relative importance of each recommendation, and o (-) de-
notes the sigmoid function.

4.6 Model Training and Inference

This study frames the drug recommendation task as a multi-
label binary classification problem. Let m(*) represent the
ground truth drug recommendation vector, and 6 is a vec-
tor denoting the method’s output probalilities for each drug
(as opposed to the final binary predictions 1(?) obtained af-
ter thresholding). Our training strategy employs two com-
plementary loss functions. First, we utilize the binary cross-
entropy loss L., treating each drug prediction as an inde-
pendent sub-problem as follows:

M|

Loce = —>_m{"0g(6{") + (1—m{")log(1-6{") (20)
i=1

where m(t) and 6(t) are the i-th entries. To enhance the

robustnesé of our f)redictions, we incorporate a multi-label
hinge loss L,,,¢:, Which ensures that the scores for true pos-
itive labels maintain a minimum margin above those of true
negative labels as follows:

max(0,1 — (6! — 6!"))

Lonuiri = > 21
i m® ® M
i,j: m; :1,m_7 =0

The overall loss is computed as a weighted combina-
tion [Dosovitskiy and Djolonga, 2019] of the above two

losses as follows:
E = Oéﬁbce -+ (]- - Oé)ﬁm,ulti (22)

where « € [0, 1] controls the relative importance of each loss
term, and we emprically set & = 0.7. During training, we
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Item \ MIMIC-III \ MIMIC-1V
# of patients 6,350 9,036

# of visits 15,032 20,616

avg. # of visit per patient | 2.37 2.28

max. # of visit 29 28

# of diagnosis codes 1,958 1,892

# of procedure codes 1,430 4,939

# of medication codes 131 131

Table 2: The statistics of the processed dataset.

aggregate the loss across all visits for each patient before per-
forming backpropagation. This patient-level optimization al-
lows the method to capture long-term dependencies in medi-
cation histories. For inference, we follow a similar process in
the training phase. The final drug recommendations are de-
termined by applying a threshold § to the output probabilities
o). Specifically, we recommend drugs corresponding to the
entries where 6() > §, and § is emprically set as 0.5.

S Experiments

This section presents our experimental results, demonstrating
the efficacy of our proposed ARMR method.

5.1 Experimental Setting

Datasets. We conducted experiments using the MIMIC-
III [Johnson et al., 2016] and MIMIC-IV [Johnson et al.,
2018] datasets. Following data preprocessing procedures out-
lined in [Chen et al., 2023], we identified 131 medications for
recommendation, using ATC Third Level codes as target la-
bels. Each ATC Third Level code encompasses one or more
medications, with each medication corresponding to a single
ATC Third Level code. Table 2 provides key statistics of the
processed datasets.

Evaluation Metrics. According to the previous studies in
medication recommendation [Yang et al., 2021b; Wu ef al.,
2022; Chen er al., 2023], we employed three primary metrics:
1) Jaccard Similarity Score (Jaccard) quantifies the degree of
overlap between two sets by computing the ratio of their inter-
section to their union; 2) F1-score (F1) is the harmonic mean
of precision and recall; 3) PRAUC refers to precision recall
area under curve. These metrics were calculated as the mean
across all patients in the dataset.

Baselines. We compared our method with different baseline
methods: 1) Traditional machine learning methods like Lo-
gistic Regression (LR); 2) Deep learning baselines including
RETAIN [Choi et al., 2016bl, LEAP [Zhang et al., 20171,
GAMENet [Shang er al,, 2019b], LEADER [Liu et al.,
2024], Carmen [Chen et al., 2023], MoleRec [Yang et al.,
2023] and COGNet [Wu er al., 2022]. Additionally, we eval-
uated several variants of our ARMR method which are detailed
in the section of ablation study.

5.2 Performance Comparison

Table 3 presents a comprehensive comparison of all base-
line methods and ARMR variants across both MIMIC-III and
MIMIC-IV datasets.
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Overall Performance. Our ARMR method consistently out-
performs all baseline methods in the metrics of Jaccard, F1
and PRAUC. The simpler methods (LR, ECC, LEAP) show
limited effectiveness, likely due to their focus on current visit
data without considering longitudial patient history. More
sophisticated methods like RETAIN, GAMENet, MoleRec,
Carmen and COGNet demonstrate improved performance
through various methods of incorporating historical patient
data. However, these methods still fall short in certain as-
pects. RETAIN relies solely on bidirectional RNN for his-
torical encoding. While GAMENet introduces graph-based
information but lacks in temporal dynamics and MoleRec in-
corporates drug molecule structures, enhancing performance
but missing broader contextual factors. COGNet employs po-
sitional encoding self-attention, recognizing the potential for
medication reuse, but overlooks the dynamic nature of health
conditions. In contrast, ARMR’s superior performance can be
attributed to its comprehensive strategy in integrating histori-
cal data with current health dynamics.

5.3 Ablation Study

To evaluate the contribution of each component in our pro-
posed ARMR method, we conducted a series of ablation ex-
periments. We designed the following variant methods:

e ARMR w/o PTL: We used standard RNN instead of PTL.

e ARMR w/o PTL(L): We maintained the PTL module
but removes the distant history processing part, which
means simply changing Eq.(2) to an empty sequence.

¢ ARMR w/o PTL(N): We maintained the PTL module but
remove the recent history processing part by changing
the input of Eq.(2) to the whole sequence and removing
recent hisotry processing part.

* ARMR w/o ARM: We removed the ARM module by us-
ing PTL on the m; sequence directly and get the final
medication representations similarly to Eq.(11)

The superior performance of ARMR over ARMR w/o PTL and
ARMR w/o ARM indicates that the PTL component and ARM
module bring significant improvement to the basic method
without PTL and ARM. The PTL module creates a more ac-
curate and context-aware representation of a patient’s health
history, potentially leading to more informed drug recom-
mendations. The ARM module dynamically adjusts drug
recommendations based on the patient’s medication history
and current health condition. By distinguishing between ex-
isting and new medications, and considering their temporal
patterns, the module can provide a more personalized and
context-aware recommendation strategy. The difference be-
tween ARMR w/o PTL and ARMR w/o PTL(L) is that they
are using different base sequence learning architectures, i.e,
standard RNN and Mamba. The superior performance of the
latter highlights the advantages of using Mamba for medical
sequence modeling, particularly in capturing long-range de-
pendencies while maintaining computational efficiency. Both
ARMR w/o PTL(N) and ARMR w/o PTL(L) show suboptimal
performance, emphasizing the importance of our temporal
segmentation strategy in the PTL component. This suggests
that balancing the influence of recent and distant history is
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Method MIMIC-IIT MIMIC-1V
Jaccard (%) PRAUC (%) F1 (%) Jaccard (%) PRAUC (%) F1 (%)

LR 49.40+0.14 75.884+0.19  65.08+0.11 | 47.32+0.18 73.80+0.16  63.03+0.17
RETAIN 48.554+0.15 75.684+0.12 64.674+0.10 | 44.03+0.10 71.404+0.11 60.134+0.08
LEAP 45.4440.18 65.71+0.12 60.5740.12 | 43.504+0.10 71.614+0.40 60.134+0.23
GAMENet 51.594+0.09 76.11£0.07 66.74+0.10 | 48.84+0.08 73.954+0.05 64.41+0.17
LEADER 51.75+0.22 77.95+£0.25 67.37+£0.19 | 47.84+0.08 74.95+0.05 63.32+0.17
Carmen 52.674£0.21 76.52+£0.36 68.12+0.19 | 50.06+0.12 74.62+0.30 65.69+0.07
MoleRec 53.05+0.33  77.36+0.27 68.431+0.29 | 49.92+0.21 74.7340.31 65.45+0.19
COGNet 53.36+0.11 77.39£0.09 68.69+0.10 | 50.23+0.12 75.21+£0.21 65.82+0.14
ARMR 54.51+0.13 79.63+0.28 69.59+0.29 | 51.74+0.14 76.95+0.21 67.12+0.18
ARMR w/o PTL 52.45+0.12 77.49+0.09 66.88+0.24 | 49.82+0.21 74.51+0.34 65.47+0.23
ARMR w/o PTL(L) | 54.01+£0.08 78.99+0.18 69.32+0.16 | 51.32+0.17 76.46+0.21 66.58+0.15
ARMR w/o PTL(N) | 53.55+£0.17 78.4940.15 68.72+0.14 | 50.514+0.17 75.35+0.33  65.984+0.09
ARMR w/o ARM | 53.21+£0.14 78.28+0.34 68.694+0.30 | 50.22+0.10 75.20+£0.11  65.66+0.14

Table 3: The comparison results on MIMIC-III and MIMIC-IV datasets.

critical for accurate medication recommendation. In general,
the complete ARMR outperforms all variants removing some
part, confirming that each key design contributes synergisti-
cally to the overall performance.

5.4 Case Study

To demonstrate the efficacy of ARMR in balancing the con-
tinuation of previous treatments and the introduction of new
medications, we conducted an in-depth analysis of a represen-
tative patient from the MIMIC-IV dataset. This individual’s
medical history comprises five distinct hospital visits, which
are characterized by the evolving diagnoses and correspond-
ing adjustments to their medication prescriptions.

v##i Correct
NwN Unseen
1519 ARMR
B COGNet
I MoleRec
N Carmen

10 A

Recommended Medications

10 A

T T T
3rd visit 4th visit 5th visit

A Patient with 5 Visits

T T
1st visit 2nd visit

Figure 4: An example of case study. The figure shows four methods’
predicted medications for a patient with 5 visits. The y-axis shows
the number of recommend drugs for each method per visit, which
are divided into historical (upper) and new (lower) drugs split by the
y=0 line. The bright color means true positives, and the dark color
means false positives.

Figure 4 presents the medication recommendation results
for the same patient generated by our method and three state-
of-the-art baselines (i.e., COGNet, MoleRec and Carmen)
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which are good in general. A comprehensive evaluation of
the results reveals that ARMR consistently outperforms its
counterparts in terms of overall accuracy of medication rec-
ommendations. Notably, ARMR recommends more correct
historical drugs and relatively less unseen drugs, exhibiting
comparable proficiency to COGNet in identifying appropriate
medications for continued use, but COGNet tends to recom-
mend more unseen drugs. Besides, ARMR predicts the most
correct new drugs in all visits, which truly distinguishes it-
self for its superior ability to suggest new, previously un-
prescribed medications that align with the patient’s evolv-
ing medical needs. These findings highlight the efficacy of
our proposed ARM, which effectively balances continuity in
treatment while addresses emergent patient needs.

6 Conclusion

In this paper, we propose a new medication recommendation
method ARMR which leverages a piecewise temporal learning
component to extract changing patient conditions, and uti-
lizes an adaptively responsive module to determine how to
use existing and new medications. Experiment results on the
publicly available MIMIC-III and MIMIC-IV dataset demon-
strate that ARMR outperforms existing baselines. In the fu-
ture, we plan to 1) design quantified experiments to evalu-
ate the specific ability of all methods on introducing correct
new drugs, and 2) enhance the explainability of recommen-
dations to further increase clinicians’ trust to apply ARMR in
real-world scenarios.
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