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Abstract. Learning path recommendation plays a pivotal role in guiding learners 
through a series of courses in a proper sequence based on their past learning ex-
periences. Such recommendations are crucial for enhancing the learning out-
comes of MOOCs for diverse learners. Given that both the historical learning 
courses and the recommended learning path can be represented as sequential pat-
terns (SPs), it is reasonable to approach the learning path recommendation prob-
lem from the perspective of SP mining. In addition to support, we also incorpo-
rate three other factors—course learning days, grades, and engagement—to 
model frequent high-utility sequential patterns (FHUSPs). When recommending 
a learning path, FHUSPs that match the target user's learning history and are 
common among good learners while rare among not-so-good learners are given 
priority. Experimental results on two real-world datasets demonstrate the accu-
racy of the proposed method. 

Keywords: Recommender System, MOOC, Learning Path, Frequent High-Util-
ity Sequential Pattern, Consecutive Matching Similarity. 

1 Introduction 

Massive Open Online Courses (MOOCs) [6], accessible to a vast number of learners at 
no cost through the Internet, are transforming the method by which individuals engage 
with education. Unlike traditional school education, MOOC learners lack a structured 
curriculum, and their levels of knowledge vary. This diversity leads to the persistently 
high dropout rates observed in MOOC learning. As a result, there is a growing focus 
on recommending courses [11] or even learning paths [3] for MOOC learners. 

The prevalent method for course recommendation [4] involves suggesting to learners 
courses that share similarities with those they have previously taken or courses that are 
similar to their current studies. For instance, this approach to course recommendation 
might suggest courses with akin titles and overlapping content, such as “Algorithm De-
sign and Analysis”, “Computing Theory”, and “Data Structure and Application” to a 
learner currently study of “Data Structure”. While this recommendation method is ben-
eficial for broadening learners' knowledge, it is evident that the majority of colleges 
and universities do not structure their courses in this manner. 
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To address this issue, one may broaden the foundation of recommendations from a 
single course to a sequence of courses arranged in historical learning order—that is, a 
learning path. Still considering the example of a learner enrolled in a “data structure” 
course, the learning path recommendation can offer a sequence of courses rooted in 
“data structure”, such as “database”, “data mining”, and “big data”, instead of suggest-
ing courses similar to “data structure”. With reasonable learning path, a learner can 
undergo a systematic training within the MOOCs environment. 

The most straightforward approach to suggesting a learning path is to utilize a uni-
versal talent training program. In other words, recommendations are made based on the 
relationship between the pre-order and post-order of courses within the talent training 
plan. For instance, if “Data Structure” is a course scheduled for the third semester in a 
computer science program, this approach might suggest to a student currently enrolled 
in “Data Structure” a learning path that includes “Database” in the fourth semester and 
“Operating Systems” in the fifth semester. While straightforward, this method may 
yield identical recommendations for a broad spectrum of diverse learners. 

In order to offer personalized learning paths, we employ sequential pattern mining 
(SPM) [5] to identify course learning sequences that can be utilized for recommenda-
tions. As an important task in the field of data mining, SPM aims to discover interesting 
sequences of itemsets from data containing temporal or sequential information. Pres-
ently, SPM finds extensive application across various domains, including the analysis 
of learning behaviors in MOOCs [8, 9] and recommender systems [2, 7]. 

In this paper, we use SPM to discover sequences of courses for learning path recom-
mendation. For this problem, the key issue is how to measure the interestingness of 
sequential patterns (SPs). We choose SPs that are more prevalent among good learners 
but less common among not-so-good learners for the purpose of recommendation. Fur-
thermore, both frequency and utility are taken into consideration when measuring SPs. 
We test the recommendation performance of the proposed method on two real-world 
datasets and validate its superiority in recommendation accuracy. 

2 Problem Description 

2.1 Frequent SPM 

An item is represented as a quintuple (c, t, d, g, e), where c is a course, t is the enrollment 
time, d is the duration in study days, g is the grade, and e is the number of engagements. 
A sequence S = < (c1, t1, d1, g1, e1), (c2, t2, d2, g2, e2), …, (cn, tn, dn, gn, en) > is a list of 
time-ordered items, where for any 1  i < j  n, ti < tj holds. S[i] (1  i  n) denotes the 
ith item in S.  

A sequence S = < (c1, t1, d1, g1, e1), (c2, t2, d2, g2, e2), …, (cn, tn, dn, gn, en) > is called 
a subsequence of another sequence S’ = < (c’1, t’1, d’1, g’1, e’1), (c’2, t’2, d’2, g’2, e’2), …, 

(c’m, t’m, d’m, g’m, e’m) > (n  m), denoted by S  S’, if there exist integers 1  i1 < ... < 

in  m such that S[1].c = S’[i1].c, S[2].c = S’[i2].c, ..., S[n].c = S’[in].c, where S[i].c is the 
course of S[i]. It should be noted that, at each time, only a single item rather than an 
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itemset is used in this paper. This is because students can only enroll on one course at 
one time in the MOOC data used in this study. The ordered list of pairs <S’[i1], S’[i2], ..., 
S’[in]> is called an occurrence of S in S’, denoted by Occ(S, S’).  

A sequence database SDB is a set of 2-tuples (sid, IS), where sid is called a se-
quence-id and IS an input sequence. A tuple (sid, IS) in a sequence database SDB is 

said to contain a sequence S if S  IS. For the MOOC data used in this paper, each 

sequence has at most only one occurrence in one input sequence. 
Consider two input sequences ISX and ISY containing S. It is easy to understand that 

the enrollment times in Occ(S, ISX) are not equal to the enrollment times in Occ(S, ISY). 
Thus, the enrollment times are omitted in the mining results in this paper. Formally, S 
= < (c1, d1, g1, e1), (c2, d2, g2, e2), …, (cn, dn, gn, en) > is called an SP, where c1, c2, …, 
cn are time-ordered courses without specific enrollment times. S.ci(1  i  n) denotes 
the ith course of S. 

The number of tuples in a sequence database SDB containing sequence S is called 
the support of S, denoted by sup(S). The set of input sequences in tuples of SDB con-
taining sequence S is called the support set of S, denoted by sup_set(S).  

Let min_sup be the user-specified minimum support threshold. An SP S is a frequent 
SP (FSP) in the sequence database SDB if sup(S) ≥ min_sup. The frequent SPM prob-
lem is to find the complete set of FSPs in SDB with respect to min_sup. 

2.2 Learning Path Recommendation Using SPM 

Given a target learner’s course learning sequence St = < (c1, d1, g1, e1), (c2, d2, g2, e2), …, 
(ck, dk, gk, ek) > and a sequence database SDB, the learning path recommendation using 
SPM typically involves the following steps. 

First, interesting SPs (e.g., FSPs) are discovered from SDB. Next, among the result-
ing SPs, determine sup_set(St). Then, SPs in sup_set(St) are ranked according to a spe-
cific measure. Finally, for any S  sup_set(St), recommend the learning path consisting 
of courses located after ck in S to the target learner. It should be noted that all recom-
mended learning paths are still ranked in the same order as the SPs containing them. 

Table 1. Example sequence database. 

sid Input sequence 

1 
(Artificial Intelligence, 48, 72, 792), (Data Science, 123, 90, 32), (Software Engineering, 53, 53, 
145), (Cybersecurity, 21, 32, 136) 

2 (Artificial Intelligence, 102, 86, 598), (Data Science, 86, 75, 308), (Machine Learning, 68, 65, 74) 
3 (Computer Vision, 68, 78, 101), (Data Science, 126, 92, 971), (Software Engineering, 91, 62, 325) 

4 
(Artificial Intelligence, 69, 74, 268), (Data Science, 35, 42, 69), (Cybersecurity, 68, 85, 121), (Ma-
chine Learning, 43, 68, 65) 

Consider the example sequence database in Table 1. To make the explanation simple 
and clear, the enrollment time of each course in all the input sequences is omitted. We 
take IS1 as an example to explain the input sequence. This input sequence indicates that 
a learner has studied four courses— “Artificial Intelligence”, “Data Science”, “Soft-
ware Engineering”, and “Cybersecurity”—in order. We further explain the first item of 
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IS1, which represents that the learner spent 48 days to studying course “Artificial Intel-
ligence”, achieved a score of 72 points, and engaged in 792 interactions. S = <Artificial 
Intelligence, Data Science> is an SP contained by IS1, IS2, and IS4. These three input 
sequences comprise sup_set(S) and sup(S) = 3. Thus, if the support threshold min_sup 
= 2, <Artificial Intelligence, Data Science> is an FSP. 

3 Frequent High-Utility SPs 

In addition to support, utility is also an important measure for evaluating the interest-
ingness of SPs [10]. Recently, researchers have proposed a variety of efficient algo-
rithms for mining high-utility sequence patterns (HUSPs). In real-world big data min-
ing scenarios, the performance of many algorithms for mining HUSPs shows minimal 
variations. Therefore, the effectiveness of applying HUSPs largely hinges on how the 
utility value is set.  

In this paper, we define the utilities of courses and sequences in the sequence data-
base based on the duration in study days, the grade, and the number of engagements. 
We categorize these three values into two groups: the duration in study days and grades 
are employed to indicate the utility of an individual course, while the mean of the num-
ber of engagements for each course in a sequence is utilized to represent the utility of 
the entire sequence. 

Definition 1 (Course utility). Let S = < (c1, d1, g1, e1), (c2, d2, g2, e2), …, (cn, dn, gn, 
en) > be an SP. The course utility of ci (1  i  n) with respect to IS  sup_set(S) is 
defined as  
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From Eq. 1, it can be seen that the fewer days a learner spends studying course ci 
and the higher the grade, the greater the utility the learner obtains from learning ci. 

Consider the first item of IS1 in the sequence database in Table 1. This learner spent 
48 days to studying the “artificial intelligence” course and achieved a score of 72 points. 
Thus, u(Artificial Intelligence, IS1) = 72/log2(48+1) = 12.82. Similarly, we can calcu-
late the utility values of the other three courses in IS1. That is, u(Data Science, IS1) = 
12.94, u(Software Engineering, IS1) = 9.21, and u(Cybersecurity, IS1) = 7.18. 

Definition 2 (Engagement utility). Let S = < (c1, d1, g1, e1), (c2, d2, g2, e2), …, (cn, dn, 
gn, en) > be an SP. The engagement utility of S with respect to IS  sup_set(S) is defined 
as  
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in which emax and emin are the highest number of engagements and the lowest number of 
engagements in the entire sequence database, respectively. 

From Eq. 2, it is evident that the fewer engagements a learner has during the entire 
learning process, the higher the engagement utility of the sequence. In other words, if 
a learner can achieve a high score by simply watching a video with few interactions, it 
indicates the effectiveness of the learning process. 

In the example sequence database in Table 1, emax = 971 and emin = 32. For an SP S 
= <(Artificial Intelligence, 48, 72, 792), (Data Science, 123, 90, 32)> with respect to 

IS1, according to Eq. 3, we have 1 (792 32) / (971 32) 0.81'    e . Similarly, we 

have 2 0' e . Thus, us(S, IS1) = exp(0.81/2) = 0.67. 

Definition 3 (Input sequence utility). Let S = < (c1, d1, g1, e1), (c2, d2, g2, e2), …, (cn, 
dn, gn, en) > be an SP. The input sequence utility of S with respect to IS  sup_set(S) is 
defined as 
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Considering an SP S = <(Artificial Intelligence, 48, 72, 792), (Data Science, 123, 90, 
32)> with respect to IS1 in the example database presented in Table 1. iu(S, IS1) = 0.67 
 (12.82 + 12.94) = 17.26. 

Definition 4 (SP utility). Let SDB be a sequence database, S = <c1, c2, …, cn> be an 
SP. The SP utility of S is defined as 

 
_ ( )

( ) ( , )


 IS sup set S
u S iu S IS . (5) 

Since different learners spend varying durations in study days, achieve different 
grades, and have a different number of engagements, when expressing the utility of an 
SP in the entire database, like the support, only the course title is retained. 

Considering the example sequence database shown in Table 1, for S = <Artificial 
Intelligence, Data Science>, sup_set(S) = {IS1, IS2, IS4}. According to Eq. 5, u(S) = 
iu(S, IS1) + iu(S, IS2) + iu(S, IS4) = 50.36.  

Definition 5 (Frequent High-Utility SP, FHUSP). Let min_sup be the user-specified 
minimum support threshold, min_util be the user-specified minimum utility threshold. 
An SP S is an FHUSP in the sequence database SDB if sup(S)  min_sup and u(S)  
min_util.  

In this paper, we exclusively employ FHUSPs for learning path recommendation. 
FHUSPs can be discovered by adjusting the utility calculation definition in an algorithm 
that can simultaneously discover SPs while considering both support and utility, such 
as the HUSRM Algorithm [12]. 
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Consider the example sequence database presented in Table 1. Given min_sup = 2 
and min_util = 40, S = <Artificial Intelligence, Data Science> is an FHUSP, because 
sup(S)  min_sup and u(S)  min_util. 

4 Importance Measuring for SPs Based on Matching and 
Learners Groups 

In Sect.3, we utilize support and utility to evaluate the importance of an SP. In this 
section, we further evaluate SPs for learning path recommendation from two other per-
spectives. One is how closely the SP used for recommendation matches the historical 
learning path of the target learner, and the other is the popularity of the SP among good 
learners and not-so-good learners. 

4.1 Consecutive Matching Similarity 

The premise we adopt to measure the similarity between an SP and the target learner's 
historical learning path is that the greater the number of consecutive matching courses, 
the higher the similarity. To measure similarity of two SPs, we also exclude the duration 
in study days, grade, and number of engagements. An SP is represented as S = < c1, 
c2, …, cn >. In other words, if one or more courses are consecutively identical in two 
SPs, it is considered that there is a matching block between them. Two SPs may share 
several matching blocks. 

Definition 6 (Matching block). Let SA = < a1, a2, …, am > and SB = < b1, b2, …, bn > 

be two SPs. If there are S’A = < ai, ai+1, …, ai+k1 >  SA and S’B = < bj, bj+1, …, bj+k1 > 

 SB, such that ai = bj, ai+1 = bj+1,…, ai+k1 = bj+k1. We call S’A or S’B a matching block 

of SA and SB, and the number of courses in this matching block the length of this match-
ing block, denoted by len(S’A) or len(S’B). 

In the case of S1 = < Artificial Intelligence, Data Science > and S2 = < Artificial 
Intelligence, Cybersecurity >, < Artificial Intelligence > is a matching block for both 
S1 and S2, with a length of one. 

Definition 7 (Matching block similarity, MBS). Let SA = < a1, a2, …, am > and SB = 
< b1, b2, …, bn > be two SPs, M = < mi, mi+1, …, mi+k1 > be a matching block of of SA 
and SB. The MBS is defined as 

 simB(M) = len(M) / | SA  SB |, (6) 

where SA  SB is the union of courses in both SA and SB, and | SA  SB | is the number 
of courses in SA  SB. 

Consider S1 = < Artificial Intelligence, Data Science > and S2 = < Artificial Intelli-
gence, Cybersecurity > with a matching block M = < Artificial Intelligence >, simB(M) 
= 1/|{Artificial Intelligence, Data Science, Cybersecurity}| = 1/3. 
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Indeed, two SPs can potentially share multiple matching blocks. To capture this 
complexity and provide a comprehensive measure of similarity, we introduce a gener-
alized similarity metric. 

Definition 8 (Consecutive matching similarity, CMB). Let SA = < a1, a2, …, am > and 
SB = < b1, b2, …, bn > be two SPs with P matching blocks M1, M2, …, MP. The MBS is 
defined as 
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Where abs(|SA||SB|) is the absolute value of (|SA||SB|), and wl is the weight of the lth 
block defined as 

 

1

( )

( )





l

l P

j
j

len M
w

len M
. (8) 

Consider two SPs S1 = <Artificial Intelligence, Data Science, Software Engineering, 
Cybersecurity> and S2 = <Artificial Intelligence, Data Science, Cybersecurity>. Ac-
cording to Definition 6, there are two matching blocks for S1 and S2, M1 = <Artificial 
Intelligence, Data Science> and M2 = <Cybersecurity>. According to Definition 7, 
simB(M1) = 1/2 and simB(M2) = 1/4. According to Definition 8, w1 = 2/3 and w2 = 1/3. 
Thus, simC(S1, S2) = (2/3  1/2 + 1/3  1/4) / (abs(4  3) + 1) = 5/24. 

4.2 Performance in Different Learner Groups 

Al‑Twijri et al. [1] recommended courses to learners by mining course learning SPs 
that are more common in good students and less common in not-so-good students. In 
their approach, the selection of an SP for recommendation depends on whether its sup-
port significantly differs between the two groups of good students and not-so-good stu-
dents, and such SPs are called emerging SPs. 

Definition 9 (Database CMB). Let S = < a1, a2, …, am > be an SP, and SDB be a 
sequence database. The Database CMB of S with respect to SDB is defined as 
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D CS SDB
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It can be seen from Definition 9 that the CMB between an SP S and a sequence 
database is the sum of the CMB between S and each input sequence in the sequence 
database. 

Definition 10 (Emergence of SP). Let S = < a1, a2, …, am > be an SP, SDBg and SDBn 
be sequence database composed of good learners and not-so-good learners. The emer-
gence of S with respect to SDBg and SDBn is defined as 
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It can be seen from Definition 10 that the emergence of an SP S is the ratio of its 
database CMB with the sequence database composed of good learners to its database 
CMB with the sequence database composed of not-so-good learners. If S has no CMB 
with any sequence in the database composed of not-so-good learners, then its emer-
gence is equal to its database CMB with the database composed of good learners. The 
higher the value of emergence of S, the more common S appears among good learners, 
and the rarer it appears among not-so-good learners. 

5 The Overall Recommendation Roadmap 

5.1 Ranking for Candidate SPs 

Ranking the recommendation results is crucial for a recommender system. In this paper, 
we use the ranking strategy based on both FHUSPs and Emergence of SPs. 

Definition 11 (Ranking order, RO). Let S = < a1, a2, …, am > be an SP. The RO of S 
is defined as  

 RO(S) = (  sup(S) + (1)  u(S))  Em(S), (11) 

where   [0, 1] is the balance factor. 
It can be seen from Definition 11 that the RO takes into account three factors. The 

first is the support of an SP; the second is the utility value, jointly defined by the dura-
tion in study days, the grade, and the number of engagements; and the third is the dis-
parity in the matching of an SP among good learners and not-so-good learners. For an 
SP S, the higher the value of RO(S), the higher it is ranked in recommendation list. 

5.2 Learning Path Recommendation 

Based on the preceding discussion, Algorithm 1 outlines the proposed learning path 
recommendation method, referred to as Learning Path Recommendation using SPs and 
Matching similarity (LPR-SPM). 

Algorithm 1 LPR-SPM 
Input The target learner's course learning sequence St, sequence database 

SDB, minimum support threshold min_sup, minimum utility thresh-
old min_util, balance factor . 

Output The learning paths recommended to the target user 
1 Discover all FHUSPs. 
2 Divide SDB into SDBg and SDBn according to learners' average 

grades. 
3 sup_set(St)  FHUSPs contain St. 
4 for each S  sup_set(St) do 
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5 Calculate Em(St) and RO(St). 
6 end for 
7 Rank all FHUSPs in sup_set(St) in descending order of RO. 
8 Recommend the top-K learning paths to the target user. 

In Algorithm 1, Line 1 mines all FHUSPs that meet both support and utility thresh-
olds. Subsequently, Line 2 divides the original sequence database into two subsets 
based on the average grades of learners: one for good learners and the other for not-so-
good learners. Line 3 then constructs the support set for the target learner's learning 
sequence solely using FHUSPs. Following this, the loop from Line 4 to Line 6 calcu-
lates the emergence values and ranking orders of all FHUSPs within the support set of 
the target learner's learning sequence. In Line 7, the FHUSPs are arranged in descend-
ing order of their RO values. Finally, the top-K FHUSPs with the highest RO values 
are utilized for learning path recommendation. As described in Sect. 2.2, the recom-
mended learning paths consist of a sequence of courses within each FHUSP within 
sup_set(St), positioned after the completion of the last course taken by the target user. 

6 Performance Evaluation 

6.1 Data Preprocessing 

We used two real MOOC datasets, namely the Canvas Network and HarvardX, to verify 
the recommendation performance of the LPR-SPM method. The datasets were divided 
into two parts, with 80% used as the training set and 20% used as the testing set. 

The Canvas Network dataset (https://doi.org/10.7910/DVN/1XORAL) consists of de-
identified data derived from Canvas Network open courses, spanning from January 
2014 to September 2015. The HarvardX dataset (https://doi.org/10.7910/DVN/26147) 
comprises de-identified data from the inaugural year (Academic Year 2013: Fall 2012, 
Spring 2013, and Summer 2013) of HarvardX courses hosted on the edX platform.  

Both datasets contain numerous zero or null values. We preserved the data records 
containing more values and discarded those with fewer values. Specifically, for the 
Canvas Network dataset, records with a value of zero were retained while records with 
a null value were discarded. Conversely, for the HarvardX dataset, records with a null 
value were retained while records with a zero value were discarded. 

Another critical aspect of data preprocessing is establishing criteria to differentiate 
between student groups. Given the varying sparsity levels of the datasets, in the Canvas 
Network dataset, good learners completed more than 3 courses with an average score 
of at least 90, while in the HarvardX dataset, good learners completed more than 2 
courses with an average score of at least 90. Learners failing to meet these criteria are 
classified as not-so-good learners. 

6.2 Parameter Settings 

In the proposed LPR-SPM method, the minimum support threshold min_sup, minimum 
utility threshold min_util, and balance factor  must be set to appropriate values. We 
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first outlined the approximate range of these parameters, and then determined their op-
timal values by progressive refinement. Specifically, we set min_sup = 0.8, min_util = 
80, and  = 0.7. It should be noted that the support used for evaluation was the ratio of 
the number of input sequences containing the target pattern to the total number of input 
sequences in the sequence database; that is, the support values used in experiments were 
in the range [0, 1]. 

For the two comparison methods, we set min_sup = 0.2 for the FAST-USP-based 
recommendation and min_util = 40 for the USpan-based recommendation. 

6.3 Experimental Results 

We compared LPR-SPM method with two methods: one method uses unexpected SPs 
discovered by FAST-USP [8] for recommending learning path, and the other method 
uses high-utility SPs mined by USpan [10] for recommendation. For the FAST-USP-
based recommendation, FAST-USP can directly mine unexpected SPs from the Canvas 
Network and HarvardX datasets. Next, the discovered unexpected SPs that match the 
target learner's course learning sequence are ranked in descending order of unexpected 
support [8], and then used for recommending learning paths. The flow of the USpan-
based recommendation is similar to that of the FAST-USP-based recommendation. The 
difference lies in that SP utility described in Definition 4 is used to replace the general-
purpose utility in USpan [10], and the SPs for recommendation are sorted in utility 
descending order. 

We first compared the precision and recall performance when recommending differ-
ent numbers of learning paths and present the comparison results in Tables 2 and 3. All 
values reported in the two tables are the averages obtained from five independent runs. 
The best results of each set of experiments are underlined. 

Table 2. Comparison results for the Canvas Network dataset. 

Metric Method Top-2 Top-4 Top-6 Top-8 Top-10 

Precision 
FAST-USP 0.186 0.168 0.154 0.146 0.132 

USpan 0.162 0.153 0.145 0.138 0.123 
LPR-SPM 0.213 0.183 0.173 0.158 0.149 

Recall 
FAST-USP 0.158 0.184 0.208 0.228 0.231 

USpan 0.142 0.162 0.193 0.206 0.216 
LPR-SPM 0.169 0.208 0.241 0.276 0.292 

Table 3. Comparison results for the HarvardX dataset. 

Metric Method Top-2 Top-4 Top-6 Top-8 Top-10 

Precision 
FAST-USP 0.268 0.242 0.228 0.208 0.185 

USpan 0.242 0.222 0.203 0.186 0.171 
LPR-SPM 0.292 0.286 0.246 0.222 0.216 

Recall 
FAST-USP 0.182 0.232 0.243 0.271 0.291 

USpan 0.163 0.186 0.212 0.236 0.246 
LPR-SPM 0.203 0.239 0.289 0.308 0.325 

Tables 2 and 3 show that the recommendation performance of LPR-SPM consist-
ently outperformed the other two comparison methods under different number of rec-
ommended learning paths. This shows that LPR-SPM accurately used duration in study 
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days, grade, and the number of engagements to model the utility of learning SPs, and 
fully considered those SPs that appear commonly among good learners but less fre-
quently among not-so-good learners. Consequently, the selected SPs for recommenda-
tion are effective in improving the recommendation accuracy.  

For the other two methods, the recommendation accuracy of the FAST-USP-based 
method outperformed that of the USpan-based method. This is primarily due to the fact 
that the FAST-USP algorithm is specifically tailored for extracting unexpected SPs 
from MOOC data. It takes into account factors such as length, the number of both 
course types and transitions between course types. In contrast, USpan is a general-pur-
pose SPM algorithm that only considers utility. 

We further compared the F1-score values of the three methods, as depicted in Fig. 
1. Here, we no longer compared the specific values for different numbers of recom-
mended paths, but instead, we compared the F1-score calculated using the averages of 
the five groups of precision and recall values from Tables 2 and 3. 

 

Fig. 1. Comparison results for the F1-score. 

This set of experiments was consistent with the experiments on precision and recall. 
LPR-SPM still performed best, followed by FAST-USP. Although FAST-USP also 
considered the relevant information of each course, since its main purpose is to analyze 
MOOC learning behavior rather than recommend learning paths, it did not consider the 
matching information with the target sequence. Therefore, the recommended perfor-
mance was not as good as LPR-SPM. 

7 Conclusions 

Recommending suitable learning paths in the MOOC environment holds great promise. 
In this paper, we introduce an SP-based learning path recommendation method. To 
mine SPs for recommendation, we consider three factors: the duration of study days, 
grades, and the number of engagements. These factors are used to calculate the utility 
of SPs, which, combined with support, determine FHUSPs for recommendation. Then, 
only those FHUSPs matching the target users are used for recommending learning 
paths, and FHUSPs that are common among good learners but rare among not-so-good 
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learners are ranked high in the recommendation list. The experimental results demon-
strate that the recommendation accuracy of the proposed LPR-SPM method is high. 

Acknowledgments. This work was partially supported by the National Natural Science 
Foundation of China (61977001). 
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