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Abstract—Medical tests are crucial for treatment decision
making. However, over-testing can often occur in any medical
speciality or level of expertise. Since over-testing usually results
in a financial burden for patients and is also a waste of medical
resources, this naturally leads to the question: which medical
test items (MTIs) are necessary and should be prioritized for the
target patients? It is a nontrivial task to identify the right MTIs
due to the diversified health status of patients and the complicated
prerequisites of therapies. To this end, in this paper, we propose
a data-driven approach to evaluate the priority which should
be given to MTIs by modeling the relationships between MTIs
and therapies. Specifically, we first develop a dual hierarchical
topic model (DHTM), which views the adopted hierarchical
therapies as labeled topics and the MTI reports, i.e., the set of
hierarchical attribute-value pairs (AVPs), as documents. Then,
with the therapy-AVP distribution and the partial MTI reports
of the target patient, we can scope the candidate therapies, which
are further utilized to evaluate the accumulated gain of MTIs to
be tested. Moreover, the next MTI recommendation is conducted
based on the gains. Finally, extensive experiments on real-world
medical data validate the effectiveness of our approach, and some
interesting observations are also provided. The code is available
at https://github.com/mtirec/MtiRec.

Index Terms—Medical test, recommender system, hierarchical
topic model, attribute analysis

I. INTRODUCTION

Medical tests, which are conducted in various medical

facilities to evaluate a patient’s health status, are crucial in

assisting medical professionals with therapy decisions. With

the development of medical technology, on the one hand,

various medical test items (MTIs), such as gene detection, can

be utilized. On the other hand, over-testing can often occur in

any medical speciality or level of expertise. Since over-testing

usually results in a financial burden for patients and is also

a waste of medical resources, the adopted MTIs should be

customized and deliberated according to a patient’s situation.

MTI decision-making is a nontrivial task since it depends

on many factors, such as the diversified health status of

patients, the complicated prerequisites of therapies, and even
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Fig. 1: An example to illustrate MTI recommendations.

the patient’s willingness and financial ability. Therefore, the

decision can only be determined with medical professionals

involved. But we can utilize machine learning technologies

to learn valuable experience from historical cases and then

recommend MTIs to medical professionals.

In this paper, we aim our task at the next MTI recommen-

dation. It usually occurs when medical professionals require

more evidence from medical tests for determining therapies.

At this time, patients already have partial MTI reports, which

are insufficient. Thus, the other MTIs are needed, and their

priorities are highly related to candidate therapies. The partial

MTI reports, which can be parsed into several attribute-value

pairs (AVPs), are utilized to evaluate possible therapies. Based

on the results and obtained AVPs, we can recommend the next

MTIs. For example, in Figure 1, one MTI is related to multiple

attributes, and one attribute comprises several values, i.e.,

AVPs. The valid attribute means the corresponding MTI has

already been conducted. Then, patient mi’s situation is similar

to m1 and m2, and thus will be offered similar therapies.

To confirm the decision, the missing but important AVPs are

identified and utilized to recommend MTIs.
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However, the partial and inconsistent MTI reports cause

conventional data-driven approaches hard to achieve our task.

First, existing approaches require all attributes to be as non-

null as possible [1], [2]. But one non-empty attribute may

imply a high-cost MTI. Thus it is sparse compared to the

massive volume of optional attributes. Second, there are no

satisfactory feature-label samples for conventional supervised

learning since the target patient has no complete features or

labeled therapies. Third, the weights of attributes are usually

the same for all examples in these approaches. Thus, we cannot

customize MTIs by analyzing the weights of attributes.

Furthermore, existing methods usually consider the corre-

lation between labels in a flat way, ignoring the hierarchical

structure and interactions between treatments. Therapies (i.e.,

labels) usually have a hierarchical structure, for example,

Need Chemotherapy is a coarse-grained category while Need
CMF Chemotherapy is a fine-grained therapy. Therapies in

the same category usually have exclusive effects. Conversely,

therapies in different categories might have complementary

effects. However, the flattened approaches neglect these mutual

effects.

To this end, we propose MtiRec (i.e., the medical test

item recommender system), to evaluate the priority given to

MTIs. The approach consists of two steps. First, we model

the distribution between therapies and AVPs using a proposed

dual hierarchical topic model (DHTM). DHTM views the AVP

as a word, the set of AVPs as a document, and the determined

therapies as labels for a patient. Second, according to the

therapy-AVP distribution and the already-known AVPs of the

target patient, we scope the candidate therapy combinations,

which are further utilized to evaluate the weight of the empty

attributes by backward reasoning. We thus can recommend

MTIs according to the accumulated weights of these attributes.

MtiRec has several advantages. First, it can handle sparse

and randomly combined attributes since it packs AVPs as a

document. MtiRec doesn’t fill out empty attributes or align

features. It thus can avoid artificial noise. Second, MtiRec

models the co-occurrence relation between the therapies, and

models the hierarchical information of AVP and therapies

simultaneously. This property is vital since medication depen-

dencies and adverse drug interactions always exist in medical

domains. Third, MtiRec has great interpretability, which is

important in medical domains [3] since it can reveal the

principles behind each step in the decision making.

The main contributions are summarized as follows:

1) We propose a next medical test item recommendation

approach, i.e., MtiRec, in the perspective of assisting therapy

decision making.

2) We propose DHTM based on the analysis of large-scale

medical treatment data, which effectively models the relations

between hierarchical AVPs and therapies.

3) We evaluate MtiRec with real-world medical data. The

experimental results prove the effectiveness of the approach.

We also reveal some interesting discoveries.

II. PRELIMINARIES

A. Definitions
Definition 1 (Attribute): An attribute l is one dimension

recording a patient’s information. Each attribute has a name al
and some possible values vl,∗. For example, BLOOD TYPE

is an attribute, and the value of this attribute can be TYPE

O or TYPE B. Patients may have different values for these

attributes. When the attribute is non-empty, it is called valid
attribute for a patient.

Definition 2 (Attribute-Value Pair (AVP)): One attribute l
can comprise multiple AVPs [al, vl,∗], such as [BLOOD TYPE,

O] and [BLOOD TYPE, B]. Obviously, each valid attribute of

a patient can only generate one AVP.

Definition 3 (Medical Test Item (MTI)): By using medical

test facilities, an MTI t can assess the patient’s physical

status and disclose the value of attributes, i.e., t
check−−−→

{lt1, lt2 · · · , lti · · · }. Thus, the report of t can be parsed into a

set of AVPs rt = {[atl1 , vtl1,∗], [atl2 , vtl2,∗] · · · , [atli , vtli,∗] · · · }.

Definition 4 (Therapy): Therapy k is a treatment

program for a patient according to MTI reports

{r1, r2 · · · , rt · · · } determine−−−−−−−→ k. If the evidence from

current reports is sufficient, then k is confirmed, else more

MTIs are required. The treatment program can be a set of

therapies, which is called a therapy combination. Medical

tests serve in therapy decision making in this paper.

B. The Next MTI Recommendation
Our task can be viewed as a next item (i.e., MTI) recom-

mendation problem [4]–[6]. Given a set of obtained AVPs

r1 ∪ r2 · · · ∪ rt · · · for a patient after several medical tests,

our task is to recommend the next MTI t∗, which contributes

most to determine therapies.

However, to simplify the problem, we assume one MTI

checks one attribute, i.e., t∗ check−−−→ l∗. Then, our task is

equivalent to recommending an attribute l∗ with no value yet.

But it is easy to extend to one-to-many situation as the relation

map is obtained. In the following, if not especially mentioned,

the definition of attribute and MTI has no difference.

C. BCDB Dataset
BCDB1 records the MTI reports and treatment therapies

of patients with breast disease [7]. It contains 7,040 samples

(i.e., patients). Each sample has 132 attributes (which may be

null) and four types of therapies. The average number of valid

attributes per example is 39.32, and the sparsity of the data is

68.14%, which is very high. Some examples of attributes and

therapies are presented in Table I.

To further illustrate the characteristics of medical data,

Figure 2(a) shows the distribution of examples with respect to

the number of valid attributes. We can see that most examples

have few valid attributes (i.e., the average is 39.32) compared

to the total number of attributes (i.e., 132). This means a few

customized MTIs are sufficient for making therapy decisions in

1It can be requested from its website, i.e., http://bcdb.mdt.team:8080

899



(a) The sparsity of attributes per sample. (b) The sparsity of each attribute over examples. (c) The attribute distributions per therapy.

Fig. 2: The statistical characteristics of the attributes in BCDB.

TABLE I: Example of attributes and therapies in BCDB

Attributes Categories Therapies

surface area CT (22)* EC(AC) · · · CMF
aln RT (7) APBI · · · GPBI
bmi ET (15) SERM · · · AI+OFS
· · · TT (8) T-DM1 · · · PD-1

* The number of therapies in different categories.

practice. Figure 2(b) shows the distribution of attributes with

respect to the percentage of samples which have a value of

such an attribute, i.e., the appearance rate (AR) of the attributes

in examples. For example, there are 76 sparse attributes (i.e.,

AR is less than 10%). Only 24 attributes have an AR over

90% and these usually correspond to the mandatory or basic

MTIs, such as height and weight. In Figure 2(c), we randomly

select four therapies and twenty attributes and calculate the

AR of each attribute given the therapy. The figure shows that

the ARs of attributes for different therapies vary, hence it is

challenging to determine which attributes are more important

when considering a combination of different therapies.

III. THE PROPOSED MTIREC FRAMEWORK

Our proposed MtiRec is inspired by doctors’ backward rea-

soning process, i.e., first evaluating the most possible candidate

therapies, and then determining the MTIs to further verify the

candidate therapies. Two key issues should be addressed:

1) How to determine the candidate therapies or therapy
combinations according to inconsistent MTI reports.

2) How to evaluate the available MTIs’ priorities according
to the most possible candidate therapies.

A. Overview
In MtiRec, as shown in Figure 3, the relations between ther-

apies and AVPs is a cornerstone to address the aforementioned

issues. Thus, we first propose a dual hierarchical topic model

(DHTM), which takes historical treatment data as a corpus, to

learn the distribution of AVPs over different therapies.

Then, to determine the candidate therapy combinations in-

stead of individual therapies, we combine therapies in different

categories to form therapy tuples. With the relations between

therapies and AVPs obtained, we can further acquire the

distribution of AVPs over different therapy tuples. By doing

so, the mutual interactions between different types of therapies

in tuples are considered, which is vital in the medical field.

So far, we can determine the most possible candidate

therapy tuples for a patient using two strategies. First, we link

the patient’s AVPs to all tuples and rank the tuples according

to the weighted accumulation of the AVPs. The weight of

each AVP is from the distribution of AVPs over different

therapy tuples. Second, DHTM directly infers the distribution

of therapies for a patient. We thus can rank tuples according to

the combination of their therapies’ probability values. These

two strategies can be fused to determine more accurate and

robust candidate tuples.

Finally, with the distribution of AVPs over candidate tuples

and the tuple’s probabilities, we can evaluate the importance

of each AVP for the patient and the recommendation score of

an attribute is calculated as the accumulated weights of its all

possible AVPs. The following subsections introduce each part

in detail and Table II lists the related notations.

TABLE II: Mathematical Notations

Symbol Description

M The number of patients
K The number of therapies
C The number of the therapy categories
N The number of AVPs
Nm The number of AVPs of patient m’s document
γ Bernoulli prior for generating Λ
ζ Bernoulli prior for generating ε
α Dirichlet prior for generating θ
β Dirichlet prior for generating φ
δ Dirichlet prior for generating π

Λm
k Present/absent of the therapy k of patient m

εmc Present/absent of the therapy category c of patient m
θm Distribution over therapies for patient m
φk Distribution over AVPs for therapy k
πm Distribution over attributions for patient m

B. The Dual Hierarchical Topic Model (DHTM)
Inspired by a labeled topic model [8], we develop DHTM,

which considers the hierarchical structure of both attributes
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RecommedationModeling the relations between therapy tuples and AVPs

tumor:2.0cm

scln:3.0cm

er_value:3

aln:1.0cm x 1.0cm

Patient information

Document
DHTM

DHTM

Target patient
(Partial AVPs)

Attribute Score

0.35

0.25

0.11

: An attribute

CT:EC-T

RT:need

ET:AI+OFS

TT:no need

: Therapy tuples, e.g.,

Patient

: The gain of blank  AVP : The recommendation score of attribute  

Recommending list
for patient

Fig. 3: An overview of our approach for MTI recommendation.

and therapies. We view the AVP as a word and the set of

AVPs as a document. Naturally, each patient has a “document”

describing their health status. Accordingly, the therapies of

a patient can be viewed as the explicit topics (i.e., labels)

of the “document”. Thus, the topic model can be applied

to learn two types of distributions: the patient-therapy (i.e.,

document-topic) distribution and the therapy-AVP (i.e., topic-

word) distribution. Similar to the work [8], we assume both

of the distributions follow a multinomial distribution.

We utilize φk ∈ RN to represent the distribution over AVPs

for therapy k, and θm ∈ RK to represent the distribution over

therapies for patient m, where N is the number of AVPs and

K is the number of therapies. Then, the selection of AVPs

for a patient is not only affected by the therapy but also the

attribute, thus we assume the i-th AVP of the m-th patient

obeys wm
i ∼ Multi (·|zmi , lmi ), where zmi and lmi are the

therapy and attribute of the i-th AVP, respectively.

Furthermore, there is a map matrix between therapy cat-

egories and therapies M ∈ {0, 1}C×K , where C is the

number of the categories. Only when the element Mc,k = 1,

the therapy k belongs to the category c. When prescribing

therapies for a patient m, DHTM first generates therapy

categories εm ∈ {0, 1}C , and only when εmc = 1, the category

c is selected, which affects the selection of therapies. We have

another binary vector Λm ∈ {0, 1}K , in which the element Λm
k

indicates whether therapy k should be prescribed to patient m
without considering the therapy categories. Finally, we limit

the scope of therapies and derive the distribution over therapies

for patient m by Dir (·|α× εmM× Λm), where α is the

prior distribution of therapies and set as 50/K for simplicity.

Algorithm 1 illustrates the details of DHTM.

We use collapsed Gibbs sampling for training [9], where

the sampling probability of zmi , which indicates the therapy

of the i-th AVP of the m-th patient, is given by:

p
(
zmi = k | zm−i, w

m
i , lmi , cm−i

) ∝ p
(
zmi = k | zm−i, c

m
−i

) ·
p
(
wm

i , lmi | zmi = k, zm−i, w
m
−i, l

m
−i

)
(1)

Algorithm 1 The Generation Process of DHTM

Input: Patients’ AVPs and their therapies

Output: The therapy-AVP distribution φ and patient-therapy

distribution θ

1: for each therapy k ∈ {1, 2, · · · ,K} do
2: Generate φk ∼ Dir (·|β)
3: end for
4: for each patient m ∈ {1, 2, · · · ,M} do
5: for each therapy category c ∈ {1, 2, · · · , C} do
6: Generate εmc ∈ {0, 1} ∼ Bernoulli (·|ζ)
7: end for
8: for each therapy k ∈ {1, 2, · · · ,K} do
9: Generate Λm

k ∈ {0, 1} ∼ Bernoulli (·|γ)
10: end for
11: for each therapy k belongs to therapy category c do
12: Λm

k = Λm
k ∗ εmc

13: end for
14: Generate θm ∼ Dir (·|α× Λm)
15: Generate πm ∼ Dir (·|δ)
16: for each AVP i ∈ {1, 2, · · · , Nm} do
17: Generate zmi ∼ Multi (·|θm)
18: Generate lmi ∼ Multi (·|πm)
19: Generate wm

i ∼ Multi (·|zmi , lmi )
20: end for
21: end for

where wm
i denotes the i-th AVP of patient m, wm

−i denotes

all AVPs that patient m has except the i-th one; zmi denotes

the therapy assigned to AVP wm
i ; zm−i means all therapies

belonging to patient m except the therapy of AVP wm
i ; cm−i

indicates the therapy categories assigned to patient m except

the therapy category assigned to AVP wi.

The first term in the right part of Equation (1) represents

the conditional probability of therapy k given the therapies and

therapy categories of other AVPs. It can be further calculated
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as follows:

p
(
zmi = k | zm−i, c

m
−i

)
=

(
nm,k,−(m,i) + αk

) · Λm
k · εmc

Nm − 1 +
∑K

j=1 αj · Λm
j · εmc

(2)

where nm,k,−(m,i) is the number of therapy k of patient m,

but eliminating the current assigned therapy; Nm is the total

number of AVPs of patient m.

When therapy k is assigned to zmi , the probability of AVP

wm
i along with its attribute lmi can be estimated. This is the

second term in the right part of Equation (1) and it can be

realized as:

p
(
wm

i , lmi | zmi = k, zm−i, w
m
−i, l

m
−i

)

=
nwm

i ,lmi ,k,−(m,i) + βwi∑N
s=1

(
nws,ls,k,−(m,i) + βws

) · nm,lmi ,−(m,i) + δlmi∑L
l′=1

(
nm,l′,−(m,i) + δl′

)

(3)

where ls represents the attribute l to which AVP s belongs;

nws,ls,k,−(m,i) is the number of AVP ws under attribute ls
and therapy k by eliminating the i-th AVP of patient m;

nm,lmi ,−(m,i) is the number of attribute lmi belonging to the

patient m by eliminating the current attribute assigned to AVP

wi; β and δ are hyper-parameters.

When the training process of DHTM has been completed,

we can obtain two primary distributions, i.e., φk and θm,

related to therapy-AVP pairs and patient-therapy pairs, re-

spectively. Compared to conventional approaches, DHTM has

the ability to handle the hierarchical structure of AVPs and

therapies, simultaneously. These structures commonly appear

in medical data. Recall the definition of AVP, it represents the

specific value of an attribute, and thus two AVPs belonging

to the same attribute cannot appear in the same “document”

according to our settings. Furthermore, the combination of

therapies in the same category is packaged as a joint therapy.

Thus, doctors cannot prescribe multiple therapies belonging

to the same category at the same time either. Therefore,

the consideration of the constraint behind these hierarchical

structures has a positive effect on distribution learning.

C. AVP Distribution over Therapy Tuples

There are mutual interactions between different types of

therapies. Thus, it is necessary to consider their packages.

Since the same type of therapies cannot be packed as

previously discussed, we select therapies in different cate-

gories to form the combinations, i.e., therapy tuples Δ =
{ki | i = 1, 2, 3 . . .}, where ki is a specific therapy and belongs

to different categories.

The weight of AVP w given a therapy tuple is calculated:

p(w|Δ) =
∑

ki∈Δ

p(w|ki)p(ki) (4)

where p(w|ki) is the distribution over AVPs of each therapy ki,
which can be estimated by the trainable parameter of DHTM,

i.e. φk, and p(ki) is the probability that we select ki. We

estimate p(ki) by calculating the proportion of therapy ki in

the samples:

p(ki) =
nki

M
(5)

where nki is the number of occurrences of therapy ki and M
is the number of all patients in the samples. Then, Equation

(4) can be reformulated as:

p(w|Δ) =
1

M

∑

ki∈Δ

nki
φki,w (6)

We rank AVPs according to the value of p(w|Δ). Then, the

top-N AVPs, which are denoted by symbol WΔ, are selected

as principal components (PCs) of Δ.

D. The Choice of Therapy Tuples
We can calculate the relations between patient m and

therapy tuple Δ according to their co-occurrence AVPs as:

p(Δ|m) =
1

Z

∑

wi∈WΔ

∑

wj∈Wm

I(wi = wj)p(wi|Δ) (7)

where Wm represents the set of AVPs of patient m, I(x) is

an indicator function: I(x) = 1 when x is true, otherwise

I(x) = 0, and Z is a normalization term as follows:

Z =
∑

wi∈WΔ

p(wi|Δ) (8)

According to Equation (7), if patients have more important

AVPs in WΔ, then they have a tighter connection with the

therapy tuple. Some AVPs in Wm and WΔ may not be

identical, but they could belong to the same attributes. For

these cases, we can have a trade-off factor ω ∈ [−1, 1] to

further identify their influence. When ω < 0, these cases

would decrease the connection of the therapy combination to

the patient, and otherwise the connection is enhanced. Thus,

the relation p(Δ|m) can be updated:

p(Δ|m) =
1

Z

∑

wi∈WΔ

∑

wj∈Wm

I(wi = wj)p(wi|Δ) (9)

+ ω ∗ I(lwi
= lwj

∧ wi 	= wj)p(wi|Δ)

The relation between therapies in a tuple is considered in the

above equations. If assuming the independence between ther-

apies for a patient, we can also calculate the relations between

the patient and the therapy tuple from another perspective:

p′(Δ|m) =
∑

ki∈Δ

p(ki|m)p(ki) =
1

M

∑

ki∈Δ

nki
θm,ki

(10)

Recall that we have a trainable parameter θm of DHTM. We

thus can utilize it to evaluate p(ki|m). We utilize the global

p(ki) as a prior distribution to smooth the distribution p(ki|m).
We further combine these two kinds of connections by a

weighted fusion of Equation (9) and Equation (10) as follows:

p(Δ|m) = ηp(Δ|m) + (1− η)p′(Δ|m) (11)

where η ∈ [0, 1] is another trade-off parameter and is tuned

according to the experiments. Finally, we can determine the
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candidate therapy tuples for a patient based on their value of

p(Δ|m).

E. Recommendation
Doctors usually make a decision using backward reasoning,

i.e., determining MTIs based on candidate therapies. Inspired

by this process, we design the following method to assess

the recommendation score of an MTI for a patient. We first

calculate the gain Gm,w of each blank AVP w by considering

the relations between the AVP and the patient through different

therapy tuples:

Gm,w =
∑

Δi

p(Δi|m)
∑

w∈WΔi
−Wm

p(w|Δi) (12)

Since one attribute only accepts one AVP and excludes the

others belonging to it, we calculate the accumulated gain of

null attribute l according to how many AVPs it can reveal and

eliminate. The definition of this process is given by:

Rm,l =
∑

w∈l

Gm,w (13)

Finally, we recommend the unadopted MTIs l∗ (i.e., null

attributes) with the highest scores of Rm,l to patient m.

IV. EXPERIMENT

A. Experimental Setup
To better organize the AVPs for patients, we first partition

several continuous numerical values into various scopes as

discrete variables. Then, we randomly select 20% of patients

to form a test set, and the remaining are used as a training

set. For each patient in the test set, we further randomly

remove one AVP and all therapy information. In our setting,

the attributes of the removed AVPs are the MTIs that should

be recommended.

Evaluation Metrics: We apply two common metrics,

namely Accuracy@K and mean reciprocal rank (MRR), to

evaluate the performance of approaches. They are introduced

as follows, where the larger the value of the metrics, the better

the performance of the approaches.

Accuracy@K is calculated as the proportion of the hit MTIs

to all patients in the test set. The case is hit if the removed

MTI is in the top-K recommendations.

MRR evaluates the position of ground truth in the rec-

ommendation list. It is calculated as follows: for patient m
in the test set, mi represents the ground truth position in

the recommendation list, and 1
mi

is the score. Then, we sum

the scores for all patients and divide them by the number of

patients in the test set.

B. Baselines
We compare our MtiRec with several conventional super-

vised approaches, i.e., Adaboost, LR, DPCNN, and EANet,

which can reveal the attributes’ importance using different

strategies. However, to better utilize them, we treat each

therapy as a supervised label and construct a multi-hot vector

for the set of AVPs. Each element in the vector indicates

whether the patient has the corresponding AVP. By doing so,

the feature of samples can be aligned. Besides, to further test

the effect of DHTM in MtiRec, we replace DHTM with its

prototype, i.e., LLDA, to obtain a variant of MtiRec.

Adaboost [10] integrates a set of Decision Trees (DTs)

in a weighted manner. Iterative Dichotomiser 3 (ID3), which

selects the attributes with the maximum information gains

(IG), is a standard algorithm for creating DTs. In Adaboost,

IGs are the weights of AVPs. Then, the weight of an attribute

is calculated as the sum of its AVPs’ weights. We finally

recommend the attributes with the largest weights to patients.

LR [11] views the non-negative coefficient as a learnable

parameter, and we utilize the Karush-Kuhn-Tucker conditions

[12] for the non-negative least squares problem. The coef-

ficients of LR are the weights of the AVPs, and we then

calculate the weights of attributes and recommend attributes

according to the method in Adaboost.

DPCNN [13] is a deep but low-complexity network archi-

tecture, as the computation time per layer decreases exponen-

tially in a pyramid shape. DPCNN has a learnable weight

matrix between the multi-hot vector of AVPs and different

therapies. By summing the weights of all therapies for each

AVP, we can obtain the final weights of AVPs. Then, we

calculate the weights of attributes and recommend attributes

according to the method in Adaboost.

EANet [1] is a recently introduced attention-based neural

network, which can be implemented by simply using two

cascaded linear layers and two normalization layers. We feed

the learnable weight matrix of DPCNN to EANet through two

linear layers and supervised by therapies. The weights of the

corresponding linear layers are viewed as the distribution of

AVPs over therapies. Then, like DPCNN, we first sum the

weights of all therapies for each AVP, and then calculate the

weights of attributes and recommend attributes according to

the method in Adaboost.

MtiRecLL is a variant following the framework of MtiRec.

But when learning the relations between therapies and AVPs,

it replaces DHTM with LLDA [14]. DHTM not only inherits

all properties of LLDA, but also further introduces the hier-

archical information both of the attributes and therapies as

aforementioned.

C. Performance Comparison
The hyper-parameters of the approaches are fine tuned to

compare their best performance. For example, in Adaboost, the

learning rate is set to 0.1 and the number of base estimators is

set to 5. In MtiRecDHTM and MtiRecLL, the default values

of parameters are set as: ω = 0.2, η = 0.1. Then, the

comparative results are shown in Figure 4. To save figure

space, MtiRecDHTM and MtiRecLL are labeled as MtiDHTM

and MtiLL, respectively. There are three main conclusions:

First, our MtiRec, including MtiRecDHTM and MtiRecLL,

is superior to the others on three metrics, i.e., Accuracy@5,

Accuracy@10, and MRR. For example, MtiRecDHTM in-

creases the value of Accuracy@5 by 0.47%, 7.95%, 31.09%,

47.21%, and 52.75% over MtiRecLL, Adaboost, LR, EANet,
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TABLE III: The influence of the length of WΔ: χ

χ 1 2 3 4 5 6 7 8 9 10 13

Accuracy@5 91.62 +0.16% +0.47% +0.47% +0.70% +0.78% +0.85% +0.93 % +0.70% +0.78% +0.62%
ACCuracy@10 97.30 +0.15% +0.22% +0.15% +0.15% +0.07% +0.00% +0.00% +0.00% +0.00% +0.07%

MRR 60.57 +25.28% +24.02% +23.20% +19.92% +19.69% +12.29% +3.50% -2.47% -4.98% -11.57%

Fig. 4: Performance comparison of different approaches.

and DPCNN, respectively. The value of Accuracy@10 and

MRR of MtiRecDHTM is also higher than the other ap-

proaches. With the exception of MtiRecDHTM , MtiRecLL

achieves the best performance. This observation proves the

effectiveness of MtiRec.

Second, the NN-based approaches, i.e., DPCNN and EANet,

do not perform better than expected. The reasons for this

might be as follows: 1) The dimension of our dataset is

relatively high, so a larger scale of data is needed for these

approaches to achieve better performance. 2) As discussed

in the introduction, the sparsity and missing values make it

difficult for conventional approaches, including LR, to make

MTI recommendations. 3) Neural networks are end-to-end

architecture. The supervision layer of the architecture is the

prediction loss of therapy. However, we aim to recommend

important attributes of samples, and can only utilize the

intermediate outcomes of the neural networks rather than the

whole model. Thus, this inconsistent task may have a negative

impact on MTI recommendations.

Third, the DHTM component can better promote the per-

formance of MtiRec compared to the LLDA component in

Accuracy@5 and Accuracy@10. It can be concluded that

the hierarchical information of therapies is important when

building the connection between AVPs and therapies, and the

design of DHTM is effective.

D. Parameter Analysis
MtiRec has three main parameters (i.e., ω in Equation (9),

η in Equation (11), and χ = |WΔ|) to be tuned: ω and η are

trade-off parameters adjusting the connection strength of the

therapy tuple Δ to the patient; χ represents the length of WΔ.

When exploring one of three parameters, the others are set to

their default values.

The upper half of Figure 5 explores the performance of

MtiRec when setting ω to different values. Although we claim

that the value of ω is in the range [−1, 1], the experiments

show that the negative values significantly impair performance.

This means that different AVPs with the same attribute cannot

reveal the divergence between the patient and the therapy

tuple, and thus the case should not be punished. Thus, we

only drew the results when ω ∈ [0, 1]. Then, we find that

the approach achieves the best performance on Accuracy@5

and Accuracy@10 when ω = 0.6. However, the value of

MRR decreases as the value of ω increases. The rank of

recommended MTIs is very sensitive to the value of ω. A

positive value of ω might bring more information to evaluate

the connection strength between the patient and the therapy

tuple. But the information might be noisy sometimes.

The lower half of Figure 5 shows the changes in the three

metrics as the value of η increases. We find that the accuracy

metrics achieve the highest performance when η = 0.6.

Observing the trend of bars, Accuracy@10 is smoother than

Accuracy@5, while the value of MRR decreases when η
increases. Like the influence of ω, the ranks of recommended

MTIs are also sensitive to the value of η.

Table III shows the impact of χ on different metrics.

The table’s first column is the metrics’ specific value with

η = 1. The remaining columns show the percentage increase

compared to the first column. For example, Accuracy@5

achieves the maximum value when χ = 8, and the increase in

the value is 47% compared with χ = 1. Besides, we find that

an appropriate increase of χ can improve the performance,

while an overlarge value of χ will degrade the performance.

E. Case Study
We randomly select several therapy tuples to visualize their

most important attributes and AVPs. We calculate the popu-

larity of each attribute and AVP according to their appearance

frequency in samples. The method is called Pop for short.

When the dataset is small, the statistic of attributes or AVPs

related to some therapy tuples might fail as their samples need

to be included. Thus, the performance of Pop is unsatisfactory.

However, we can take it as an example to show the difference

between our approach and the statistical approach.
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Fig. 5: The influence of parameters ω and η.

(a) Top-N AVPs of EC(AC) + APBI. (b) Top-N attributes of EC(AC) + APBI. (c) Top-N attributes of EC(AC).

Fig. 6: Visualization of the most important attributes and AVPs in MtiRec given the therapy tuple.

(a) Top-N AVPs of EC(AC) + APBI. (b) Top-N attributes of EC(AC) + APBI. (c) Top-N attributes of EC(AC).

Fig. 7: Visualization of the most important attributes and AVPs in Pop given the therapy tuple.

Given a therapy tuple, the importance of an AVP, i.e.,

p(w|Δ) in Equation (4), is produced by MtiRec, while the

importance of an attribute can be expressed as p(l|Δ) =∑
w∈l p(w|Δ).

As shown in Figure 6 and 7, we select Δ =
(EC(AC), APBI) as the therapy tuple. The figures visualize

the most critical AVPs or attributes in MtiRec and Pop,

respectively. The larger the font in the word clouds, the more

critical the AVP or attribute. We make the following main

observations:

First, Figure 6(a) and (b) show that cnb k167 value is

a key attribute when considering the therapy combination

of EC(AC) and APBI. The decisive value is 40, i.e., the

AVP is cnb k167 value:40. However, when exploring the

individual therapy EC(AC), the decisive value becomes 50.

The AVP cnb k167 value:50 attains the largest size, as shown

in Figure 6(c). Furthermore, the top-N attributes of EC(AC) +
APBI are inconsistent with those of EC(AC). The observation

reveals the difference in decision making for different therapy

combinations. Thus, it is necessary to distinguish the attribute
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checklist for different therapy tuples to make a better MTI

recommendation.

Second, the difference in top-N AVPs/attributes also exists,

as shown in Figure 7(a), (b) and (c). However, compared

to MtiRec, the basic information, such as age, height and

weight, acquire a higher rank in Pop. The reason for this

is that these attributes can be easily obtained and thus this

information is available for almost every patient. However,

it is not necessary to recommend a required attribute. Thus,

these basic but commonly used attributes contribute less when

making recommendations. That is another limitation of Pop. In

contrast, Figure 6(b) shows that MtiRec can rank the attributes

which are more correlated with the therapy tuple to a higher

position.

Third, in both MtiRec and Pop, the attributes with the most

important AVPs, as shown in Figure 6(a) and Figure 7(a),

may be inconsistent with the attributes which have the highest

ranks in Figure 6(b) and Figure 7(b), respectively. That is

reasonable since the importance of an attribute is not only

related to the weights of its AVPs, it is also affected by the

number of involved AVPs.

Fig. 8: The overlap ratio in the Top-N attributes.

We further evaluate the ratio of overlapped top-N attributes

between MtiRec and Pop. The orange and blue broken lines in

Figure 8 show the overlap ratios given the therapy tuple (EC-
T, AI*5y) and (EC(AC), APBI), respectively. In the dataset,

the samples and AVPs related to (EC-T, AI*5y) are much

more than that of (EC(AC), APBI). This difference may result

in larger performance fluctuations in Pop. Limited samples

narrow the available attributes in Pop when calculating the

appearance rate of attributes because some attributes might not

appear in the scope of the statistics, i.e., AR = 0. In contrast,

since MtiRec is trained on an entire training set, it can explore

all attributes. The size of the samples has a minimal effect

on the performance given different therapy tuples. Thus, as

the number of samples increases, the diversity of available

attributes in Pop approaches that in MtiRec, increasing the

ratio of the overlapped top-N attributes. That is why the orange

broken line is above the blue one in Figure 8.

F. Complexity Analysis
Our training process’s time complexity mainly comprises

the DHTM sampling and the calculation of relation matrices.

The former is similar to traditional topical models and costs

O(MNmK) time, where M and K are the number of patients

and therapies respectively, and Nm is the average number of

AVPs of a patient. The latter costs O(N + KM + K2 +
nΔNlogN) time, where N is the number of all AVPs, and

nΔ is the number of all therapy tuples.

The practical training time on an Ubuntu server having 64

cores and 128G memories is about 15 minutes for conver-

gence, which goes through 150 iteration times.

V. RELATED WORK

Medical Recommendation: Many works have applied

personalized recommendations to healthcare. There are also

several efforts like ours which focus on medical test item

recommendations. For example, the work in [15] built an

e-medical test recommendation system based on analyzing

patients’ symptoms and anamneses. Several machine learning

algorithms are utilized on symptom data and demographic

information to classify MTIs. Our solution is different from

this work. We conduct the next MTI recommendation based on

partial test reports and reveal the relations between patients’

attributes and therapy tuples. Thus, the recommended results

are directly related to candidate therapy combinations which

is a backward reasoning approach.

Topic Model: Conventional topic models, such as LDA

[16], generate words in documents according to latent top-

ics. Many variants of LDA have been proposed [17]–[21].

Recently, modeling hierarchical information on topics has

become a hot spot in the research on topic models. For

example, HV-HTM [22] enables the topical tree to expand

horizontally. The work exploits the Chinese restaurant pro-

cess to incorporate label information into the topic-generation

process. Furthermore, the work in [23] used a hierarchical

Dirichlet process for topic models and proposed a stochastic

variational inference algorithm. HAT [24] integrates a hierar-

chical attention mechanism into topic models.

The conventional topic models are primarily unsupervised.

Thus, to incorporate the label information, the LLDA [14]

is devised. SPTM [8] extends LLDA by incorporating the

hierarchical information of words. Inspired by LLDA and

SPTM, our DHTM treats the therapies of each patient as the

labeled topics. However, the difference is that we design a duel

hierarchical structure to model the relations between different

types of therapies and the relations between attributes and

AVPs, but SPTM only handles the hierarchy of attributes.

Attribute Importance Analysis: Feature selection tech-

nologies comprise three branches: filter approaches, wrapper

approaches, and embedded approaches. The first ones usually

evaluate the correlations between attributes and the label,

and select the best attributes that can yield maximum IG

for splitting the samples, such as Adaboost [10]. The second

ones, such as genetic algorithms, tentatively assign weights

to attributes by optimizing the objective function. Then, they
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determine which is the most conducive to prediction. The

embedded approaches, e.g., attention mechanisms, adjust the

weights of attributes by adaptive learning. Then, the impor-

tance of attributes is analyzed according to the weights, such

as DPCNN [13] and EANet [1]. An increasing number of re-

searchers are combining the different methods by considering

their benefits [25], [26].

In contrast to the aforementioned methods, our MtiRec

evaluate the importance of attributes using a topic model.

According to our analysis and the convincing experiment

results, MtiRec could be more suitable for sparse and hierarchy

medical data in our task.

VI. CONCLUSION

MTI recommendation is valuable in assisting medical deci-

sions. However, medical data has high sparsity and hierarchy

characteristics, making conventional approaches challenging

for MTI recommendations. Thus, we proposed MtiRec, which

consists of a dual hierarchical topic model (i.e., DHTM) and

a backward reasoning mechanism. DHTM first produces the

therapy-AVP distribution. Then, the backward reasoning mech-

anism recommends MTIs by analyzing the relations between

most candidate therapies and MTIs. This makes our MtiRec

greedily pursue the optimal MTIs, which are more helpful

in therapy decision making. The experiments on a real-world

medical dataset validated the effectiveness of MtiRec and also

revealed some interesting observations.

There are several future directions. First, we can consider

the maps between MTIs and attributes instead of treating

each attribute as an independent MTI. Second, MtiRec can

recommend therapies directly if the candidates have a high

probability of being determined. However, how to determine

the threshold probability should be well-designed in the future.

Third, this work was conducted for the next MTI recommen-

dation. We can further explore how to recommend the next

package of MTIs by considering the relations between MTIs.
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