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Abstract: Multidisciplinary sustainable development is an important and complex system for com-
prehensive universities. Typically, a comprehensive university’s objective is to create a free, open,
and diversified ecosystem of disciplines. Given finite available resources, e.g., funding or investment,
configuring the formation of disciplines is critical. Understanding the interrelationships among
different disciplines is challenging. Rather than directly wading through massive high-dimensional
interrelated data, we judiciously formulate the cumbersome configurations of disciplines as a dis-
cipline recommendation problem. In this paper, we propose a novel data-driven approach to the
configuration of disciplines based on a recommendation to predict and recommend an appropriate
configuration of disciplines. The proposed approach exhibits good performance against standard
metrics on real-world public data sets. It can be implemented as an attractive engine for constructing
disciplines for universities.

Keywords: discipline development; recommender system

1. Introduction

Multidisciplinary sustainable development of a university, which is responsible for the
social innovation [1–3], is a critical and complex engineering system involving combinations
of knowledge domains to optimize the configuration of the existing discipline structure [4].
A typical objective of a comprehensive university is to cater to a free, open, and diversified
ecosystem of disciplines. However, subject to the constraints of funds and other factors,
e.g., geographical location, a university bearing the weight of both talent cultivation
and scientific research cannot be unconditionally supported to invest evenly across all
disciplines [5]. In other words, a university must construct its disciplines with a well-
directed configuration schedule to make the most of its finite resources. An adequate
configuration of resource usage consequently leads to better competitiveness of both
university and discipline. Top universities with better competitiveness are inclined to
have more opportunities of receiving industrial investment or government grants [6,7]. In
this sense, the developments of both universities and disciplines cannot be decoupled but
inextricably linked and mutually enhanced.

Recently, multidisciplinary sustainable development has been stressed as having more
and more important effects on social innovation and development. In [8], multidisciplinary
innovation for social change (SHINE) was proposed to utilize multidisciplinary innovation
methods to solve the social problems. As discussed in [9], multidisciplinary collaboration
and development for higher education should be encouraged and advocated for social
innovation and sustainable development. The work in [10] focused the interdisciplinary
doctoral education to investigate the systemic solutions and professional competency
for the sustainability of society from the viewpoint of pedagogical methodology. Under
such a key role of multidisciplinary sustainable development for social innovation, there
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indeed needs to be more attention paid to the evaluation and discussions for realizing an
appropriate multidisciplinary configuration for universities. In [5], the authors argued that
multidisciplinary production can be evaluated via the collaborative settings of research
funds, projects, and teams. In [11], the authors focused on the technical level as the
indicator to evaluate the importance of disciplines for further multidisciplinary construction.
In [7], the authors proposed a multiple-criteria decision-making method based on the
nonradial super efficiency data envelopment analysis to model the discipline construction
problem as a resource distribution optimization problem, which emphasized the Malmquist
productivity index as the evaluation metric. In [12], a multi-criteria decision-making model
was proposed, using a D-number preference matrix to evaluate the efficiencies of different
disciplines with several discipline features as the selected evaluation indexes.

However, there exist high-dimensional features for the disciplines, and how to opti-
mally identify the high-dimensional feature relationship among the different disciplines
for universities also with the high-dimensional feature is still an open issue. From this
perspective, it is thus imperative to efficiently clarify the relationship among the different
disciplines and construct a well-directed multidisciplinary configuration. Facing such a
classical information overload problem that arose in handling the high-dimensional feature
of discipline and university, the recommendation-based ideology relies on the collabora-
tive intelligence to solve such a high-dimensional information-overload problem typically
involving two parties (namely, the university and discipline), rather than inefficiently
focusing on one or several discipline features as the evaluation indicator for a specific
university.

Generally, the discipline competitiveness can be evaluated in terms of rankings or
scores published by the well-known third parties, e.g., QS [13], THE [14], and USNEWS [15],
and the general structure of evaluation data of disciplines is shown in Table 1. For the
sake of simplicity, we only consider the top-2 list, where only the two highest-ranked
universities are considered for each selected discipline. It can be seen that the score earned
by the physics discipline of university 3 is remarkably higher than the score achieved by
physics discipline of university 4, which manifests in the competitiveness of the physics
discipline of university 3 over that of university 4. From Table 1, we also observe that the
score for discipline mathematics of university 1 is remarkably high. However, the other
disciplines of university 1 do not exist in the top-2 list, indicating that only the predominant
ones are endowed in the published list. This caters to the fact that many non-advantaged
disciplines are not considered in the evaluation scope of the third party in practice.

Table 1. An example of the general structure of evaluation data of disciplines.

University Discipline Scores

University 1 mathematics 89
University 2 mathematics 82
University 3 physics 85
University 4 physics 75
University 2 chemistry 82
University 3 chemistry 81

Based on the above discussions on the objective of becoming a university with signifi-
cant comprehensive competitiveness of disciplines, a rational configuration of disciplines
can be thus a critical issue. However, the decision process of a sensible configuration of
disciplines for a university is generally based on the cumbersome data analysis of the incred-
ibly gigantic amount and high-dimensional data, which includes both the university feature
and the discipline feature data, e.g., the university feature data in China includes whether
a university is included in Project 985 [16], Project 211 [17], Project double first-class [18],
or the other projects from local government, the numbers of faculty members, researchers,
supporting and administrative staff, the number of public service staffs, the number of
current students and new enrollment, the age structure of faculties, the granted funding
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from government and other third parties, the existing essential experimental equipment,
the current basic educational facilities, and geographical locations [19]. The discipline
feature of discipline can be the specific feature such as whether a discipline is science–
engineering based or humanity–social-science based, whether the discipline is included
in Project 985, Project 211, Project double first-class, or the other projects from local gov-
ernment, the granted funding from government or the other third parties, the historical
evolution, the number of involved faculties and students, and the existing basic experimen-
tal equipment [19]. It is difficult to determine an appropriate configuration of disciplines for
a university based on the above high-dimensional features for universities and disciplines.

The traditional approaches mainly include two aspects: one is to attempt to analyze
by synthesis based on the aforementioned high-dimensional data, and the other is to empir-
ically and intuitively select one or several dimensions as the research target [11,12,20–26].
Using this method it is not possible to provide an efficient solution for optimizing the
configurations of disciplines under such a massive amount of high-dimensional data. In
contrast to the traditional brute-force or empirical methods, we provide a novel data-driven
approach for the construction of disciplines by reformulating the problem of optimizing
the configurations of disciplines as a discipline recommendation problem. The proposed
approach performs better than existing approaches in terms of standard metrics, upon a
real-world data set. It can be implemented as a critical engine for the recommendations of
disciplines for future universities.

Our contributions can be summarized as follows:

1. Rather than directly wading through massive high-dimensional data, we judiciously
formulate the cumbersome configurations of disciplines as a discipline recommenda-
tion problem.

2. An efficient non-negative matrix factorization-based algorithm is developed to solve
the resultant recommendation problem with a low (polynomial-time) complexity.

3. A promising off-the-shelf subject list can be readily given by the proposed recommen-
dation engine and used as a cost-effective, powerful and practical tool in the decision
process of discipline configuration for a future university.

Numerical results based on collected real-world data demonstrate that our proposed
approach can achieve superior performance in terms of accuracy and robustness, compared
to existing alternative algorithms.

This paper is organized as follows. Section 2 presents the judicious mapping from the
problem of interest to the data-driven recommendation problem, formulates the problem,
and develops an efficient non-negative matrix factorization approach to solve the recom-
mendation problem. Section 3 provides the details on the data set used to be trained and
validated, followed by numerical results to evaluate the proposed approach. Section 4
concludes the paper.

2. Problem Formulation

Inspired by the paradigm application of the recommender system [27,28], we interpret
the problem of discipline configuration to a recommender system. The similarities and the
mappings between the two problems are listed as follows.

2.1. Problem Mapping

1. In the classical recommendation-based problem of retail business, there are two types
of roles: users and items. As shown in the left subfigure of Figure 1, the solid blue
line refers to an actual purchase of an item by a user, and the green dashed line
refers to a recommended item by the recommendation engine. In such a scenario,
the users freely purchase the preferred ones from thousands of items. Typically, it can
be inefficient for the user to fetch the mostly matched targets via brute-force search in
many high-dimensional candidates. This induces the so-called information overload
problem. To solve the problem, the recommendation engine is utilized to transform
the cumbersome high-dimensional searching space into the low-dimensional space,
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and based on neighborhood or historical data similarities and correlations in the
low-dimensional space, further recommend a Top-K (K is usually a small number)
number of most needed items to users [29,30].
As for the configuration of disciplines for universities, there are also two types of roles:
universities and disciplines. As shown in the right sub-figure of Figure 1, the solid
blue line refers to a preponderant discipline included in published data by a third
party for a university, and the green dashed line refers to a recommended discipline
by the recommendation engine to be the promising discipline for a university. In
such a case, the objective of a university is to determine a series of disciplines as the
focus of further developments. Correspondingly, we resort to the recommendation
engine to transform the original high-dimensional features of both universities and
disciplines into the low-dimensional ones. Based on neighborhood or historical
data similarities and correlations in the low-dimensional space, we subsequently
recommend an adequate configuration of disciplines to direct the decision process on
the development of disciplines.

2. In the recommendation case of retail business, the recommendation engine often
relies on the explicit feedback of users, e.g., the rating for a specific item given
by users. Based on a specific item’s neighborhood or historical usage rating data,
the recommendation engine can readily provide the recommendation list of items with
a neighborhood-based collaborative filtering approach or model-based approach [31].
As for the problem of discipline configuration for universities, the score on a specific
discipline by a third party can be seen as a preferred configuration of the discipline for
a university. Based on the scores on disciplines by the third party, the recommendation
engine can be readily used to handle the recommendation task as in retail business
scenarios and provide an appropriate list of disciplines for universities.

Figure 1. The mapping from classical business recommendation to discipline recommendation.

2.2. Discipline Recommendation Problem

Generally, the classical recommendation-based problem is solved based on a rating
matrix, in which the rows represent the users, and the columns represent the items. Corre-
spondingly, in the discipline recommendation case, a discipline score table, as shown in
Table 2, can be reconstructed from the raw data as shown in Table 1.
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Based on Table 2, we can further construct an incomplete score matrix, denoted by
R ∈ RM×N , as

R =

 r11 · · · r1N
...

. . .
...

rM1 · · · rMN

, (1)

where M and N are the number of universities and the number of disciplines, respectively,
and ri,j represents the rated score earned by the j-th discipline of the i-th university, e.g.,
in the case in Table 2, M = 4, N = 3, r1,1 = 89, and r4,2 = 75.

Table 2. The score table corresponding to Table 1, where ? represents the originally missing data for a
specific discipline of a specific university.

University
Discipline Mathematics Physics Chemistry

University 1 89 ? ?

University 2 82 ? 82

University 3 ? 85 81

University 4 ? 75 ?

Note that some entries of R are missing, e.g., r1,2, r1,3, r2,2, r3,1, r4,1, and r4,3 in (1),
since only the preponderant disciplines of a university are rated and included, as discussed
earlier. In practice, the values of M and N are generally large, since there is a large number
of universities and disciplines in the published list by the third party [13–15,19], and R is
typically sparse due to a large number of missing entries. This implies a relatively small
number of common disciplines rated for pairwise universities. The classical neighborhood-
based similarity technique, which utilizes the weighted pairwise similarity to predict the
missing entry [31,32], is not applicable to predict the missing entries of R. This is because
the pairwise inner product can be approximately zero with few rated disciplines in common
when using the cosine similarity approach to compute the neighborhood-based similarity.

By resorting to the state-of-the-art latent factor model-based approach [33,34], the spar-
sity of R and the subsequent series of problems can be robustly alleviated. The latent
factor model-based approach can provide a robust approximation of R to achieve a low-
dimensional (low-rank) representation space of universities and disciplines. In the low-
dimensional (low-rank) space, the imperceptible pairwise correlations in the original sparse
space can be conveniently captured in the dense low-dimensional (low-rank) space. Based
on the sparsity and the pairwise rows or columns correlations of R, we proceed to pro-
pose an efficient dimensionality reduction approach to approximate the original matrix R,
by using non-negative matrix factorization.

Let U ∈ RM×d denote the latent factor matrix of the universities, and S ∈ RN×d the
latent factor matrix of the disciplines, where d (d� M and d� N) is the number of key
factors considered. The ranks of both the row space of U and the column space of S are d.

The approximation of R is used to minimize the Frobenius norm of the difference
between R and UST , i.e.,

min
U, S
‖R−UST‖. (2)

Since the score data published by the third parties is generally quantized in a non-
negative metric, e.g., {A+, A, . . . , D}, or {100, 99, . . . , 1}, it is reasonable to consider a
non-negative latent factor matrix of the universities, i.e., U ≥ 0, and a non-negative latent
factor matrix of disciplines, i.e., S ≥ 0.

As discussed in Section 2.1, only the leading disciplines of a university are endowed in
the published list. This leads to the sparsity of R, which indicates the number of observed
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entries is relatively small. Overfitting can then arise when solving problem (2). For this
reason, we add a regularization on U and S to the objective of (2) [31,35].

The non-negative matrix optimization problem based on partial observations of the
entries of R can be formulated as

minU, S
1
2
‖R−UST‖2 +

λ

2

(
‖U‖2 + ‖S‖2

)
(3a)

s.t. U ≥ 0, S ≥ 0, (3b)

where λ is the regularization parameter, and 1
2 in both parts of the objective function is for

the convenience of calculating differentiation in each iteration.
We next propose an iterative descent algorithm to solve the non-negative constrained

problem (3), as summarized in Algorithm 1.

Algorithm 1 The proposed iterative-based algorithm to solve problem (3)

Initialize: Randomly initialize U [0] and S[0] with each entry in (0, 1), fill the unknown
entries of R as 0, an accuracy level ε ≥ 0, select a step size α ≥ 0, a regularization parameter
λ ≥ 0, and set t = 0.
Repeat:

(1) Compute error matrix E [t] = R − U [t](S[t])T , to obtain E [t], and update
U [t+1] = U [t](1− λα) + αE [t]S[t], S[t+1] = S[t](1− λα) + α(E [t])TU [t].

(2) Traverse each unknown entries of U [t+1] and S[t+1], update uik = max{uik, 0}, and
sjk = max{sjk, 0}, ∀i ∈ [1, M], ∀j ∈ [1, N], ∀j ∈ [1, k].

(3) If ‖R−U [t+1](S[t+1])T‖
‖R‖ ≤ ε, let Ũ = U [t+1], S̃ = S[t+1], and go to Step (4). Otherwise, let

t = t + 1, go to Step (1).

(4) Output Ũ, S̃ as a solution.

Here, the rationality of initializing the unknown entries as zero is due to the fact that
the unspecified entries can be reasonably set to zero when the prior probability of entries
being zero is significantly high. This is also due to the fact that a model can generally
undergo overfitting with limited training data based on classical machine learning. It is
thus more efficient to enlarge the training set by specifying the unknown ones as zero. As
such, the variance can be efficiently reduced with a more extensive training set, and the
model generalizes better [31]. The maximum function max{x, 0} in step (3) is to enforce the
non-negativity of each entry.

After the solutions are output by the proposed approach, we can reconstruct the
estimated rating matrix R̂, as follows.

R̂ = ŨS̃T , (4)

where each unrated entry of original R has been predicted in R̂. Considering a specific
university, it is convenient to output Top-K recommended disciplines with the highest
predicted scores from the corresponding row of R̂.

3. Numerical Results
3.1. Evaluation on a Local Authoritative Data Set

In order to get the objective and authoritative assessment data on disciplines of
universities, we have collected official discipline assessment data for universities from the
website of the Ministry of Education of China. The collected data includes the second-round
nationwide discipline assessment data and the third-round discipline assessment data.
The duration of the second-round data ranges from the year 2007 to the year 2009. The
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duration of third-round data varies from the year 2011 to the year 2012. The collected
two-round data can thus have an inherently sequential form. The second-round data can
be used as the training set. The third-round data can be used as the test set to validate the
recommendation performance of the proposed algorithms. The collected two-round raw
sample data is shown separately in Tables 3 and 4. As discussed in the earlier sections, only
a small part of disciplines are rated and captured in the assessment data, and this can be
incarnated as the sparsity of the collected data, as shown in Figure 2.

Table 3. A raw sample (philosophy discipline) in the second round nationwide discipline assessment
data [36].

Rank University Rating

1 Peking University 90

2 Renmin University of China 89

3 Sun Yat-sen University 84

4 Fudan University 83

5 Nanjing University 81

6 Wuhan University 79

7 Beijing Normal University 77

8 Nankai University 76

9 Jilin University 75Zhejiang University

10 Tsinghua University 74

11 East China Normal University 72Xiamen University

Table 4. A raw sample (philosophy discipline) in the third round nationwide discipline assessment
data [37].

Rank University Rating

1 Peking University 95

2 Renmin University of China 92

3 Fudan University 87Sun Yat-sen University

4 Nanjing University 85Wuhan University

5 Beijing Normal University 83

6 Nankai University 79Jilin University

7
Tsinghua University 78Heilongjiang University
Zhejiang University

8 Shanxi University 76East China Normal University

The filtered training matrix is shown in Figure 2. The information of the filtered
training matrix is shown in Table 5.
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Figure 2. The sparsity of the training matrix with universities as rows and disciplines as columns,
where the deep-blue portion stands for the unrated data, and the deep-green portion stands for the
rated data.

Table 5. The general information of the filtered training matrix.

The Scale of Universities The Scale of Disciplines Sparsity

201 78 86.8%

Since our focus is on utilizing the recommendation-based solution to provide con-
structive suggestions on the discipline configurations of universities, we adopt the Top-K
recommendation evaluation to exhibit the recommendation performance. As a general way
to test the performance of recommendation algorithms, the Top-K recommendation has
been widely adopted in the retail business. The general idea of the Top-K recommendation
is to recommend a number (K) of the most promising items based on the outcome of the
recommendation engine for further investigation on whether the recommended items are
actually adopted. As for our interest in recommending promising disciplines for univer-
sities, the proposed approach outputs a Top-K number of prosperous disciplines based
on the sparse training matrix. Then we investigate whether some of the recommended
disciplines are included in the test set.

In order to formally evaluate the performance of discipline recommendations, we
adopt two well-known evaluation metrics for the Top-K recommendation: Precision and
Recall; the expressions of the two metrics are given by [38,39]

Precision =
1
|U| ∑

ui∈U

|Lp(ui) ∩ Lt(ui)|
|Lp(ui)|

; (5)
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Recall =
1
|U| ∑

ui∈U

|Lp(ui) ∩ Lt(ui)|
|Lt(ui)|

, (6)

where |U| stands for the total number of distinct universities in both training and test sets,
ui stands for the i-th university, and Lp(ui) and Lt(ui) stand for the set of predicted list for
ui and the set of test list for ui, respectively.

The Precision metric stands for the ratio on the scale of predicted targets truly hit in
the test set to the scale of total predicted targets. It mainly reflects how many truly hit
targets occupied in the total predicted targets list. The Recall metric stands for the ratio
of predicted targets that are hit in the test set to the scale of total test targets. It reflects
the extent of how many truly hit targets occupied in the total test targets list. As for our
problem, we make the proposed algorithm perform with a high Recall; i.e., we would like
the proposed algorithms to recommend more ground-truth disciplines. The university can
thus make more confident and flexible decisions on the configurations of disciplines based
on more effective recommended candidates.

To illustrate the recommendation performance of the proposed approach, Table 6
shows a sample of disciplines hit in the Top-5 recommendation, where the disciplines
in bold font represent the recommended disciplines hit in the test set, and the test set
represents the set that the disciplines appeared in the third-round data but did not appear
in the second-round data. It can be observed that the hit probability for these universities is
0.8. In addition, the hit probability can be up to 1 in some universities. These universities
have a common feature on a considerable number of test sets; hence, we choose not to
exhibit these for conciseness. The reason why these universities in Table 6 are sampled for
the exhibition is that they are all specialist universities, e.g., polytechnic, mining, traffic-
related, and agriculture. It is consistent with the objective of discipline development, which
is to cater to a free, open, and diversified ecosystem of disciplines.

Based on (5) and (6), we proceed to evaluate the performance of discipline recommen-
dations with the metrics of Recall and Precision, respectively. The baseline approaches
used for comparisons are the random recommendation approach, naive truncated singular
value decomposition (NSVD) approach [40], and partial non-negative matrix factorization
(PNNMF) approach. The random recommendation approach randomly chooses the K
number of unrated disciplines in the training data as the recommended disciplines. The
NSVD approach is based on the direct SVD of the original sparse matrix with unrated ones
as zero, and the PNNMF approach is the same as the proposed approach, except that only
the known part, is updated in the iterations.

Figure 3 shows the Recall performance of discipline recommendations with the growth
of K. We can observe that the proposed approach remarkably outperforms the baseline ap-
proaches for each K. The gap between the proposed approach and the baseline approaches
increases with K, yet, the performance of the random recommendation deteriorates with
the increasing K value, which can be shown as the slope of the random recommendation
line becomes smaller. This implies that the proposed approach can recommend more useful
outcomes than the random recommendation approach with the same number of test sets
and it can perform satisfactory robustness under each K. In contrast, the random recom-
mendation approach is more susceptible to noise in the larger recommendation list. The
NSVD performs slightly better than the random recommendation. This is because there
indeed exists a potential statistical pattern in the development of disciplines. The worst
performance of PNNMF is due to the overfitting induced by the insufficient training set.

Figure 4 shows the Precision performance of discipline recommendation with the
growth of K. We can observe that the Precision decreases with the increase of K under
both the proposed and the baseline recommendations. The proposed approach remarkably
outperforms the baseline methods on Precision under each K. It is interesting to observe that
the proposed approach exhibits relatively good performance when K is 5. This is because
the distribution of top recommendation disciplines output by the proposed approach
exhibits reasonable concentration and accuracy. In contrast, the baseline approaches suffer
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from low efficiency and exacerbated performance under each K. Evidently, the proposed
approach can provide fairly good recommendations, even when K is small.

Table 6. Disciplines hit in the top-5 recommendation, where the disciplines in bold font represent
the recommended disciplines hit in the test set, and the test set represents the set that the disciplines
appeared in the third round data but did not appear in the second round data.

University Disciplines Hit in the Top-5
Recommendation

Northwestern Polytechnical University

business administration
biomedical engineering
electrical engineering
public administration
software engineering
biology
design

China University of Mining and Technology

mechanics
material science and engineering
information and communication engineering
mechanical engineering
physical education
physics
safety science and engineering
Marxist theory

Dalian Jiaotong University

management science and engineering
mechanics
computer science and technology
control science and engineering
business administration
mathematics
software engineering
transportation engineering
environmental science and engineering
Marxist theory

Shandong Agricultural University

agricultural engineering
horticulture
biology
agricultural and forestry economic
management
ecology
landscape architecture
agricultural resources and environment
foreign language and literature

In order to further evaluate the overall performance of the proposed approach, we
adopt the well-known F1 metric (7), which is the harmonic mean of Precision and Recall, to
exhibit the overall performance of recommendation, i.e.,

F1 =
2× Precision× Recall

Precision + Recall
. (7)
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Figure 3. The Recall of discipline recommendations under different K values.

In general, the larger the F1 value is, the better the model’s overall performance is.
Figure 5 shows the F1 performance of discipline recommendations with the increase of K.
We observe that the F1 increases with K within the range from K = 5 to K = 10 achieves
the peak at K = 10, and then gradually deteriorates. As discussed above, we can choose
suitable metrics among Precision, Recall, and F1 to evaluate for a specific purpose. Here,
we take K = 10 when assessing the metric of F1, to balance the trade-off between Precision
and Recall.

It can be observed that the F1 decreases with K for both the proposed and the base-
line recommendations. The proposed approach remarkably outperforms the baseline
approaches under each K. It is interesting to observe that the proposed method exhibits
good performance when K is 5, in contrast to the low efficiency and exacerbated perfor-
mance of the baseline approaches under each K. This again demonstrates that the proposed
approach can give reasonable recommendations even when K is small since the distribution
of top recommendation disciplines output by the proposed approach exhibits accuracy.

As the aim of this study is to give constructive suggestions on discipline configuration
to universities, the accurate and efficient solutions output by the proposed approach can be
readily used to provide constructive suggestions on the discipline configurations of univer-
sities, e.g., rendering more policy supports or financial supports on the accordingly Top-K
disciplines output by the proposed approach. In addition, the data used for evaluation are
focused on Chinese universities; yet, the proposed approach can be readily generalized
to the discipline recommendation based on any open access discipline ranking data, e.g.,
international data, such as QS, THE, USNEWS, or the regional discipline ranking data for a
specific country.



Sustainability 2022, 14, 5881 12 of 18

5 10 15 20 25
K

0.00

0.05

0.10

0.15

0.20

0.25

Pr
ec
isi
on

Random recommendation
The proposed approach
PNNMF
NSVD

Figure 4. The Precision of discipline recommendations under different K values.
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Figure 5. The F1 of discipline recommendations under different K values.

3.2. Further Evaluation of Well-Known International Data Set

For the sake of conducting a more convincing evaluation of the performance of the
proposed approach, we have selected the “QS World University Rankings by Subject”
data, “QS” for short, as the international evaluation data set. Since different countries
often have distinct education systems, regulations, and funding mechanisms, we focus on
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universities in China by filtering the collected QS data, in contrast to the aforementioned
local authoritative data set.

As the reconfiguration of disciplines is a comparatively slow systematic evolution
process, as can be referred to as the period of time for the aforementioned two-round
discipline assessment data, and also for the sake of observing a more remarkable result,
the first stage data used as the training data set is expected to be as early as possible. Yet,
also considering the uniformity of the structure of the disciplines, we choose the data
published in 2020 and the data published in 2022 as the training data set and the evaluation
data set, respectively, rather than the earlier data published in 2019 as the training data set
for the reason of different structure of the disciplines. As done in the earlier case, we also
identify the sparsity of the training data set. The QS data set used for training is still sparse
based on Table 7, which again corroborates the aforementioned discussions on the sparsity
of general ranking data, and also implies the necessity for the proposed approach.

Table 7. The general information of the filtered training matrix for QS data set.

The Scale of Universities The Scale of Disciplines Sparsity

78 49 81.9%

As done in the aforementioned evaluation on the local authoritative data, we also
adopt the Top-K recommendation evaluation to exhibit the recommendation performance.
Based on the structured sparse training matrix on QS data, where the process for generating
the sparse training matrix has already been discussed in Section 2, we further investigate
the performance of the proposed approach under the well-known evaluation metrics for
the Top-K recommendation: Precision, Recall, and F1, as done in the former case. The
baseline approaches used for comparisons are the random recommendation approach,
NSVD approach, and PNNMF approach, as also done in the former case.

Figure 6 shows the Recall performance of discipline recommendations with the growth
of K. We can observe that the proposed approach remarkably outperforms the baseline
approaches for each K. This implies that the proposed approach can recommend more
useful outcomes than the random recommendation approach with the same number of test
sets and it can perform satisfactory robustness under each K. The NSVD performs slightly
better than PNNMF. The overfitting of PNNMF is remarkably mitigated due to the smaller
proportion of sparsity of the training set, which implies that more data can be used for
training, in contrast to the former local data case. In contrast, the worst random recom-
mendation approach is more susceptible to noise in the larger recommendation list, since
the slope becomes flat with the growth of K. Compared to the random recommendation
approach, the performances of the proposed approach and the other two baselines manifest
that there indeed exists a potential statistical pattern in the development of disciplines
when evaluated on the QS data. It is also interesting to observe that the Recall of the
proposed approach can even nearly up to 1 when K = 25, which reflects that the university
can flexibly configure the structure of disciplines with more confident candidates output
by the proposed approach.

Figure 7 shows the Precision performance of discipline recommendation with the
growth of K. We can observe that the Precision decreases with the increase of K under
both the proposed and the baseline recommendations. The proposed approach remarkably
outperforms the baseline methods on Precision under each K. It is interesting to observe that
the proposed approach exhibits relatively good performance when K is 5. This is because
the distribution of top recommendation disciplines output by the proposed approach
exhibits reasonable concentration and accuracy, as already discussed in the local data case.
In contrast, the baseline approaches suffer from low efficiency and exacerbated performance
under each K. It is also worth noting that PNNMF performs better than the other baselines
due to the eased overfitting, in contrast to the worst case in the local data case.
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Figure 6. The Recall of discipline recommendations evaluated on the QS data under different K
values.
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Figure 7. The Precision of discipline recommendations evaluated on the QS data under different K
values.

Figure 8 shows that the F1 decreases with K for both the proposed and the baseline rec-
ommendations. The proposed approach remarkably outperforms the baseline approaches
under each K. It is interesting to observe that the proposed method exhibits good perfor-
mance when K is 5, in contrast to the low efficiency and exacerbated performance of the
baseline approaches under each K. This again demonstrates that the proposed approach
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can give reasonable recommendations even when K is small since the distribution of top
recommendation disciplines output by the proposed approach exhibits accuracy. It is also
worth noting that the performance on F1 follows a similar trend as Precision, which can be
elaborated that the Precision dominates the performance of F1 when equally considering
the effect of Recall and Precision.
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Random recommendation
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NSVD

Figure 8. The F1 ofdiscipline recommendations evaluated on the QS data under different K values.

As for the “supply” side of disciplines, the role of disciplines can be seen as an ultimate
educational product provided by the universities to the higher education marketplace,
which can be an analogy with the supply–demand relationship that arose in economic
theory. The entities responsible for the construction of disciplines mainly involve the
government, the university itself, and also society. During the process of the construction
of disciplines, the government plays an important role in the macro policy guidance,
the university is responsible for the educational service with the existing disciplines, and the
society is responsible for the objective evaluation of the educational discipline service. Each
role in the whole supply chain for disciplines can be interconnected with each other [41].
Since the proposed approach is based on the published third-party evaluation data set to
provide an appropriate configuration of disciplines for future universities, the collected
and adopted data set for evaluation from the Ministry of Education of China and the
well-known third-party, namely, QS, represent the aforementioned governmental aspect
and societal aspect, respectively, the objectivity and rationality of selected data set is thus
a key issue. However, the two adopted data sets have already stood the test of time for
several decades [12,42,43], these data sets can thus be the effective data sets for evaluation.

So far, we have conducted the performance evaluation of the proposed approach on
both the local authoritative data and well-known international data, the proposed approach
remarkably outperforms all the baselines under the overall metrics, which significantly
indicates that the proposed approach can be used as an attractive engine for providing
a promising configuration of disciplines. In reality, the university can benefit a lot from
the recommended configuration of disciplines based on both local and international data.
Meanwhile, the university can make an appropriate trade-off between the two types of
data set, or adapt a rational weight for practical applications, e.g., for the university with
relatively low overall strength which never has a chance to appear in the international data
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set, such a university can fully utilize the local authoritative data to conduct the appropriate
configuration of disciplines for striving for the chance to be adopted by the international
data. Yet, for the university with originally relatively high overall strength, which has
already been involved in both local and international data, it can thus have more potential
chances to make rational decisions on the configuration of disciplines according to the
practical needs.

4. Discussions and Conclusions

In this paper, multidisciplinary collaboration and development for higher education
is a key issue for social innovation and sustainable development. However, there exist
high-dimensional features for the disciplines, it is thus imperative to efficiently clarify the
relationship among the different disciplines and construct a well-directed multidisciplinary
configuration. Through judicious problem mapping, the discipline configuration was
cast as a data-driven recommendation-based problem. In reality, the recommendation-
based ideology can naturally rely on collaborative intelligence to solve such a typical
high-dimensional information overload problem involving two parties (namely, discipline
and university). Based on the formulated recommendation-based problem, we further
developed an efficient recommendation-based approach for the discipline configurations
of universities.

As the proposed approach is based on the data-driven methodology, the data set used
for evaluating the performance of the proposed approach is thus a key issue. In order to
ensure the collected data is authoritative, objective, and scientific, we successively collected
the data from the Ministry of Education of China, which can be seen as an authoritative
local data set for higher education, and the discipline ranking data for China from QS,
which can be seen as an objective and well-known international data set, since this paper
aims at providing efficient suggestions on the appropriate configuration of the disciplines
to the universities for a specific country.

Aiming at providing an objective evaluation metric, we specifically collected a two-
stage data set, which has a natural sequential feature, so that the first-stage data set can be
used as the training data set, and the second-stage data set can be used as the evaluation
data set. Under the natural sequential partition of collected data, the performance on
the evaluation data set can thus be seen as a convincing generalization indicator for the
proposed approach. In addition, we also emphasize the sparsity of data, which can be seen
as another necessity for the proposed non-negative matrix factorization-based algorithm,
as already discussed in Section 2.

Based on the aforementioned discussion on the problem formulation and data set
structure and details description, we then formally compared the proposed approach with
the random recommendation approach, NSVD approach, and PNNMF approach under
the Top-K principle. We firstly provided an intuitive sample of disciplines hit in the Top-5
recommendation, which can conveniently aid an understanding of the performance of the
proposed approach. We have made the comparisons under the metric of Recall, Precision,
and F1, all of which can be the classical metrics when evaluating the recommendation-based
approach. Based on the numerical results from both the local authoritative governmental
data and the well-known data by QS, the performance of the proposed approach is su-
perior to the other baselines. Under the superior performance of the proposed approach,
the university can efficiently, conveniently, and readily make decisions on the configuration
of disciplines with the promising discipline list provided by the proposed approach, which
can thus be an attractive engine for the decision process of sustainable configurations
of disciplines.

In our future work, we will construct the university-discipline knowledge graph [44]
by fusing context information and side information and then employing a graph-based
framework to enhance the recommendation outcomes. Specifically, we will first try to
model the universities and the disciplines as individual entities, respectively. We will then
try to collect more context information and side information such as geographical location,
cooperative relationship between pairwise universities, etc. Under the structured and
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enhanced university–discipline knowledge graph, the recommendation problem can be
further modeled as a relation/link (university–discipline) completion problem [45], we will
further employ a graph-based [46] framework to predict the missing relation/link between
the university entity and the discipline entity. In addition, we can also further enhance the
recommendation outcomes and performance via ensemble learning which combines the
proposed approach with the graph-based approach.
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