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College students often encounter numerous challenges throughout their
academic journeys, making the guidance and support from educators
indispensable. Recommendation systems can significantly reduce the difficulties
students face when identifying suitable academic advisors. This paper proposes
a AdVisor RecommenDation (AVRD) model based on textual data regarding
college students’ interests. AVRD first adopts Chinese Bidirectional Encoder
Representations from Transformers (BERT) and unsupervised Simple Contrastive
Learning of Sentence Embeddings (SIimCSE) to train the corpus of advisors’
records. The time decay factor is then introduced as the weight of the text
record vectors, and the representation vectors of advisors are obtained using the
weighted mean. Finally, the similarities between the advisor and student vectors
are computed, and an advisor list is recommended to student according to the
designed pooling and matching criteria. The questionnaire data from 170 college
students are collected to evaluate the proposed model. Experimental results
demonstrate the effectiveness of AVRD. The model outperforms other LLMs such
as Qwen and DeepSeek by a significant margin, as well as the commonly used
models like TF-IDF, LSA, and Word2Vec. Moreover, the ablation studies reveal
that the SImCSE component of AVRD is crucial to the model's performance.

KEYWORDS

advisor recommendation, text-based recommendation, bidirectional encoder
representations from transformers, simple contrastive learning of sentence
embeddings, large language model

1 Introduction

College students face substantial societal expectations for cultivating multifaceted
competencies, including academic excellence, personal development, and professional
proficiency. In striving to achieve these goals, educators play an indispensable role in
assisting students to overcome diverse challenges they may encounter by providing various
forms of support (Goldberg et al., 2023; Christoforidou and Kyriakides, 2021). For instance,
when students are engaging in high-level competitions like the Mathematical Contest in
Modeling (MCM) and the Interdisciplinary Contest in Modeling (ICM), the invaluable
guidance from experienced advisors can prove instrumental in maximizing students’
success in these demanding competitions, particularly in enhancing their competition
completion rate and award-winning opportunities (Wankat, 2005). As another illustration
of the importance of an advisor, when students embark on their graduation projects,
a proficient advisor can play a pivotal role in cultivating their academic interests and
enhancing their academic performance, laying a solid foundation for their future academic
research (Pargett, 2011).
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For a university or school with a limited number of faculty
members, students can rapidly identify an ideal advisor whose
expertise and guidance closely align with their specific needs
through online searches or peer recommendations. However, as
the number of teachers increases, this process becomes increasingly
challenging (Gordon and Steele, 2015). First, students might not
have well-defined expectations regarding what they can expect
from an advisor, making it challenging to identify an advisor
who can meet their specific requirements. Second, there is
a considerable and persistent information asymmetry between
students and teachers. Typically, students often have limited
access to in-depth details regarding potential advisors” specialized
knowledge, instructional approaches, and research foci. Despite
the fact that school websites usually offer comprehensive teacher
profiles, students often lack the necessary experience and acumen
to discern the subtle differences in various teachers’ competencies
and the specific support each can offer. This limitation significantly
hinders their capacity to select the most appropriate advisor
from a multitude of choices when in need of guidance. Third,
students occasionally select advisors based on recommendations
and experiences shared by familiar peers or teachers. While this
practice can mitigate information asymmetry and broaden their
options, it may also introduce bias into the selection process.
This is because the recommended advisors might not always
match the individual demands and preferences of the students
seeking guidance. Finally, the search for an advisor can be a time-
consuming endeavor, and students, burdened by their academic
obligations, often have scarce time to devote to this crucial
task. Given the reasons outlined above, helping students identify
their ideal advisor in an efficient way is a task of importance
and necessity.

To provide students with an advisor recommendation list
for various competitions, paper writing, graduation projects,
and other academic activities, this paper collects detailed data
containing teacher profiles and students” actual needs for selecting
advisors from a Chinas university and constructs an advisor
recommendation model. The research objective is achieved by
addressing the following four questions: (1) How to collect a
validation set (matching records of text data between teachers
and students) to evaluate model performance? (2) Which
representation learning method works better in converting the
texts of corpus into vectors? (3) How to properly integrate the
teachers text information, which contains different types and
different periods, to generate the teacher representation vector?
(4) How to use text similarity to recommend advisors with
satisfactory accuracy?

To address these issues, we use text data, encompassing paper
titles, course names, and teachers’ research fields, as the corpus. In
view of the fact that deep learning technology has demonstrated
promising performance in the field of recommendation (Wu et al.,
2023), we combine Chinese bidirectional encoder representations
from Transformers (BERT) (Cui et al., 2021) with the unsupervised
simple contrastive learning of sentence embeddings (SimCSE) (Gao
et al,, 2021) models to extract text features and train sentence
vectors. For each teacher, we extract the representation vectors
from the text records by using the time decay factor to handle
the impact of research interests shift. By issuing questionnaires to
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students, we collected the short texts on students’ demands for
advisors and extracted the representation vectors of each student.
Then, the cosine similarities between the vectors of teachers and
students are calculated, and the pooling criterion and matching
criterion are used to recommend an advisor list to each student.
The validation set is the filtered questionnaire data filled out by
the students, including students’ demand-related short texts and
their corresponding lists of ideal advisors. To enhance the accuracy
of the ground truth, we employ the large language model (LLM)
DeepSeek (DeepSeek-Al, 2024a) to generate teacher profiles. These
profiles are then provided to questionnaire respondents for a
second round of adjustments, with the goal of reducing biases
resulting from information asymmetry.

This study has made the following major contributions:

(i) We propose an advisor recommendation model AVRD,
which can assist students to identify advisors using demand-related
short texts.

(ii) AVRD employs Chinese BERT and a contrastive learning
model SimCSE to learn effective representations of texts. This
approach of combing BERT with SimCSE can significantly enhance
the performance of text similarity representation.

(iii) The time decay factor is adopted to learn the text record
vectors of teachers, enabling the model to better capture the
features of their recent achievements. Advisor recommendation
criteria, i.e., the pooling and matching criteria, are designed
for the advisor recommendation task. Both the time decay
factor and recommendation criteria can effectively improve the
recommendation effect.

2 Related work

2.1 Recommendations for education

In the field of education, information technology is increasingly
being applied to help students, teachers, and administrators
improve work efficiency, information construction has played
a pivotal role in higher education improvement and teaching
management (Yu, 2022; Lee, 2017). Information systems collect
a large amount of campus data, including basic information and
behavioral data of students and teachers. Based on these data,
scientific researchers conduct research using data mining and
machine learning theories and techniques to explore teaching
suggestions and improve teaching quality.

Academic prediction and warning is one of the important
research directions. Cui et al. (2022) and Yang et al. (2020)
transformed behavior trajectory data of students and textural
logs of records into learning images and trained images through
convolutional neural network (CNN) variant to provide warnings
of problems in the academic performances of students. Imran et al.
(2019) and Zou et al. (2025) utilized machine learning approaches
to predict student academic performance. Oztas and Akcapinar
(2025) predicted students’ academic procrastination tendencies
using online learning trajectories. Besides the prediction tasks,
machine learning is more commonly used for recommendations,
such as course recommendations, major recommendations, etc.
Wang X. et al. (2022) and Zhang et al. (2019) proposed massive

frontiersin.org


https://doi.org/10.3389/feduc.2025.1673956
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Wang et al.

open online course (MOOC) recommendation algorithms based
on hyperedge-based graph neural networks and hierarchical
reinforcement learning respectively. Wang et al. (2020) proposed
an attention-based CNN to predict user ratings and recommend
top-ranked courses to users. Regarding major recommendation,
Obeid et al. (2022) collected the life trajectory information of
graduates via questionnaires and then proposed a hybrid major
recommendation system that incorporates knowledge base and
collaborative filtering techniques. Alghamdi et al. (2019) employed
a fuzzy recommender system and random forest algorithm to
facilitate personalized major recommendations for students.

The aforementioned studies contribute to enhancing students’
learning effectiveness through various approaches, including grade
prediction, resource recommendation, major recommendation,
and more. Teacher recommendation is also very important
for college students, when seeking guidance from teachers for
graduation projects, professional competitions, or paper writing. In
the field teacher recommendation, Zhang et al. (2016) proposed a
teacher recommendation model using the term frequency-inverse
document frequency (TF-IDF) method, this model conducts
recommendations by obtaining the social information between
students and teachers within the school and calculating the
connectivity, therefore, it is more suitable for recommending
supervisors to the group of graduate students enrolled in
undergraduate schools. Zemaityte and Terzi¢ (2019) designed
a teacher recommendation tool for computer science students
through calculating the TE-IDF scores to rank supervisors as well.
Both studies assessed the recommendation performance of their
models from the perspective of user satisfaction, which differs
from the accuracy calculated based on the ground truth datasets,
and they assume the mutual independence of words without
considering their semantic meaning in the models. In our work, we
construct a ground-truth dataset for advisor selection to evaluate
the recommendation performance, and integrate the semantic
meaning of words by leveraging the BERT model.

2.2 Recommender systems and algorithms

The recommender systems are software tools and techniques
that provide suggestions for items that are most likely of interest
to a particular user (Ricci et al., 2022), which are increasingly
being applied in the field of education. Based on the online
review data of MOOC users, Nilashi et al. (2022) proposed a
multi-criteria collaborative course recommender system through
machine learning techniques. Wu and Feng (2020) proposed an
improved neural network-path sorting algorithm to improve the
recommendation efficiency of online education resources. Ma
et al. (2017) applied course recommendations in the curriculum
system by analyzing courses with similar semantics. The core
algorithms of these recommender systems are information filtering
approaches. At present, collaborative filtering and content-based
filtering are two major approaches to constructing recommender
systems. Collaborative filtering leverages the key source of user-
item interaction data, whereas content enriched recommendation
additionally utilizes the side information associated with users and
items (Wu et al., 2023).
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Content-based filtering extracts item features from users’” usage
records or item profiles and then recommends items based
on similarity (Esmeli et al., 2020). Zhang et al. (2016) used
the modified TF-IDF algorithm and category tree to determine
the direct similarity relationship between students and teachers.
Zemaityte and Terzi¢ (2019) extracted two lists of keywords
from the crawled text data of potential teachers and the demand
text provided by students respectively, then ranked and matched
the two keyword lists using TF-IDF algorithm as well. These
two teacher recommendation approaches adopt content-based
filtering, which extracts features of students and teachers through
similarity calculation. Inspired by the remarkable achievements of
deep learning, deep neural networks have demonstrated superior
performance in text feature extraction and are widely employed in
content-based filtering recommendation algorithms. For example,
Thierry et al. (2023) proposed a paper recommendation model
using knowledge graph embedding and deep neural network, in
which introduced an attention module to strengthen the semantic
feature extraction and learns enhanced representations.

In addition to the field of education, there are also many
researches in other recommendation fields based on deep learning.
Guo et al. (2017) interacted low-order and high-order features
through deep learning and proposed the deep factorization
machine (DeepFM) model to predict the click-through rate
(CTR) of users in the recommendation system. Fan et al. (2019)
proposed the graph neural network framework GraphRec to
predict recommendation item scores for users, the model captured
the expression vectors of major user features and major item
features through the attention mechanism. Wang Z. et al. (2022)
proposed the PJECANN model for job recommendation using
recurrent neural network (RNN) to extract textual features from
job applicants’ resumes and recruiters’ demands, while graph neural
network (GNN) was used to extract features of recruiters in their
historical experiences. These recommendation algorithms all need
to train model parameters using a substantial amount of historical
interaction data of users and items, whereas the commonly
used recommendation models that perform text filtering based
on semantic similarity such as those using TF-IDF and Latent
Semantic Analysis (LSA) (Evangelopoulos et al., 2012) only extract
the text features of paired records and don’t need to train the
model’s parameters. Considering the demonstrated potential and
efficacy of deep learning in the realm of recommendation systems,
we employ a content-based filtering approach using deep neural
network to facilitate advisor recommendation.

3 Methodology

The proposed AVRD model involves two key entities:
universities and students. Universities provide updated teacher text
data, which serves as the corpus for model processing. Students
input their “demand-related short texts” into the model and offer
feedback on the recommended teacher lists. The flowchart of
advisor recommendation is shown in Figure 1.

Before the advisor recommendation algorithm can be deployed
as an information system, the underlying recommendation model
must be fully pre-trained. Although this pre-training process
is computationally intensive and time-consuming, it ensures
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FIGURE 1
Flowchart of advisor recommendation. Students input short-text queries, and the advisor recommendation algorithm matches suitable teachers in
the teacher database based on the pooling and matching criteria, and generates a list of recommended advisors.

that once the system is operational, students can receive their
personalized advisor recommendations instantaneously. However,
due to the computational demands, pre-training cannot be
performed frequently, as it would impose a substantial operational
burden on system administrators.

3.1 Training process

The core of the training process is to train word texts to enable
better semantic representation, thereby enhancing the performance
of divisor recommendations. The semantic representation of a
word can be modeled as a vector in high-dimensional Euclidean
space, dense word vectors contain substantial information that
can be harnessed to represent semantic relationships between
words. Currently, scholars have proposed several methods of
semantic representation. Mikolov et al. (2013a) developed the
Word2Vec model, which incorporates the continuous bag of
words (CBOW) and skip-grams (SG) algorithms to represent word
vectors. Additionally, they proposed negative sampling to simplify
the solving process of the Word2Vec model (Mikolov et al., 2013b).
Devlin et al. (2019) proposed the BERT model, which employs
a bidirectional encoder based on the Transformer architecture to
represent word vectors while taking into account the contextual
relationships among terms. The BERT model demonstrates an
excellent performance in the text representation. Moreover, pre-
trained LLMs [e.g. generative pre-trained transformer (GPT)
(Ouyang et al, 2022), Qwen (Yang et al, 2024), Deepseek
(DeepSeek-Al, 2024a) and BERT itself] can be fine-tuned for
specific tasks, which can avoid the problems of training on a large
corpus of text and long optimization time (Brown et al., 2020).

Pre-trained language models (PLMs) produce context-aware
representations and have delivered impressive results across a wide
spectrum of natural language processing (NLP) tasks. Notably,
Cui et al. (2021) developed Chinese pre-trained BERT models
incorporating the whole word masking technique, which include
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closely related variants such as BERT-wwm-ext and RoBERTa-
wwm-ext. In this section, we conduct a lightweight fine-tuning of
the BERT model using teachers’ textual records. This process aims
to enable the PLM to generate more reliable word vectors that are
better suited for advisor recommendation tasks. For the corpus
of teachers’ records, the fine-tuning is performed on Chinese
RoBERTa-wwm-ext model (Cui et al, 2021). AVRD network
architecture is illustrated in Figure 2.

To further embed the sentence vectors derived from
teacher text records, we conduct augmented training using
the unsupervised SimCSE model proposed by Gao et al. (2021). As
illustrated in the upper part of Figure 2, the unsupervised SimCES
model adheres to the contrastive learning framework and employs
a cross-entropy objective with batch negatives (Equation 1). Let

S denote the set of teachers’ text records, S = {}L,, m is
the length of the teachers’ text records. DT = {(t;, tj')};’;l and
D~ = {(t;t; )}, denote the positive and negative instance sets

respectively, which are generated from the set S. Following the
contrastive framework of unsupervised SimCSE, we set the positive
instance ti+ = t; and the negative instance 6=t #].

Let cfi and cf’{ denote the representations of #; and t, where ¢
takes ;" or t; . The training objective with a mini-batch of N pairs
is:

esim(cfi,cﬁ’{)/r
= —log e

ZN esim(c:i ,cjj )/t
j=1

4 &

where 7 is a hyperparameter and sim(cy, ¢3) is the cosine similarity:

T
Cl C

leall - flezll

el

sim(cy, ¢2) =

We denote the Chinese BERT output of the input sentence z; as
cfi, that is,

Cfi = fg (Z,'). (3)
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FIGURE 2
The network architecture of AVRD. This figure consists of two parts: BERT and SimCSE. During the training process, sentences are selected from the
teacher corpus and fed into the BERT network to generate sentence embedding vectors. Subsequently, for each vector in the sampled batch
extracted from the sentence embedding set, the vector is paired with itself to form a positive instance and with other vectors to form negative
instances, followed by the generation of a corresponding batch-wise instance set. The BERT network is fine-tuned using the unsupervised SImCSE
approach based on the constructed instance set, aiming to enhance the representational capacity of the sentence embeddings

The training process is fundamental to the recommendation
system and directly influences its accuracy. The core of achieving
high accuracy lies in computing the similarity between vectors
derived from students’ short-text inquiries and teachers’ text
records. Therefore, the quality of the vector representations
ultimately determines the effectiveness of the recommendations.

Frontiersin Education 05

In practice, frequent retraining is unnecessary. For newly
enrolled teachers, their vector representations can be computed
using the well-trained model—unless their text records differ
significantly from those of all existing teachers. To maintain
efficiency, the model may be retrained and teachers’ vector data
updated annually or every few years.
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3.2 Vector representation

In our work, teachers’ text data contain three kinds of records,
i.e., course records (TC), research direction records (TP), and paper
publication records (T7). Suppose that the total number of teachers
is J, and the three types of text records of teacher j are denoted
by TC, TjD and TjP respectively, j € J = {1,2,...,]}. Then the
vectors r%, rP, and 1! are extracted from the corresponding three
records of teacher j. Therefore, the representation vector of teacher
jisrj = [rjc, r]D R rJP ], which is the concatenation of rjc, r]D ,and rf .

Take the paper publication records TJP of teachers j for example,
we introduce the calculation process of the vector rP. Let tjﬁ-)
denotes the jth teacher’s ith paper publication record, all the paper
publication records of teacher j is denoted as follows:

TP:{tﬁ,...,tjﬁ-’,...,t?’P}, (4)

where mf is the number of paper publication records of teacher j.

According to Equation 3, the representation vector of record t}; is

P
LM

Since the generated time of each paper publication record is

DPj .
ciJ, wherei=1,2,..

different, we introduce the time decay factor n* to emphasize
the recent work of teachers, where 1 is a constant between 0 and
1, and A;i = 1,2,...,mjD, is a positive integer related to the
generated time of corresponding record. Taking the natural year as
the interval, we set A = 1 for records from the most recent year,
A = 2 for the second most recent year, and so on. At this time, the
paper publication vector rf of teacher j is computed as the weighted
average of the representation vector c?j corresponding to each
paper publication record, where the time decay factor n* serves
as the weighting coefficient. It can be expressed by the formula as

follows:

m . p
,_hrd

] m]P N

Dty
As the query texts for students in the advisor recommendation
system are non-deterministic, we set three types of demand as the
query texts, which are course names (I'©), research directions (I'P),
and project keywords (I'") related to the objectives of the activities
or projects, this setting is analogous to the records used for teachers.
After removing words that are not in the model corpus from
these text records, we represent students using the same method as
teacher vector representation. The representation vector of student

i — 1uC ol u?
eis defined as u, = [uy, uy,u, .

3.3 Recommendation prediction

After the vector representation is obtained, some methods can
be adopted to calculate the similarity between vectors, such as
dot product, Euclidean distance, and cosine similarity (Manning
et al., 2008). The values of dot product and Euclidean distance
are susceptible to dimensional influence, with non-fixed ranges.
However, even in the case of high dimensions, the cosine similarity
still keeps the excellent property of “the same is 1, the orthogonal
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is 0, and the opposite is -1”. Hence, in the fields of information
retrieval and text mining, cosine similarity is widely used to
measure document similarity (Kirigci, 2023; Luo et al,, 2018), as
noted by Thongtan et al. (2019). Therefore, we adopt the cosine
similarity sy,,r; in Equation 2 as the metric between student vector
u, (e € &=1{1,2,...,L}) and teacher vector r; (j € 7).

Moreover, in the recommendation prediction module, we
propose a pooling criterion and a matching criterion. A list of
potential advisors is determined according to the pooling criterion
firstly, which is then supplemented based on the matching criterion.

C ,,D ,,P
e U W

Three types of similarity can be computed based on u
between a student and a teacher. The pooling criterion selects the
maximum output; specifically, the similarity score of the teacher
record that best aligns with the student demand is adopted as
the representative similarity between the teacher and the student.
This approach filters out redundant similarity information and
significantly reduces subsequent computations. Taking the input
text I'D of student e as an example, the similarity Subyr; with teacher

jis:
SuD,r; = Max {S“le)’l'jc’ Su?,er’ suE,l‘}P}’ (6)

i.e, the maximum value of the similarity set between its
representation vector u? and the teacher’s three representation

C ..D
vectors rj N rj

and rJP . According to Equation 6, we obtain the
similarity set {sug,r],...,sueu’rj, -+»SuDr, } between input text ro
of user e and J teachers, and the same principle holds for I'$ and
I'?. In this manner, the n maximum values are extracted from
each of the three sets, each containing J similarity values, to form
a new similarity set with a length of 3n. Subsequently, a list of
recommended teachers is determined based on the frequency of
teachers’ occurrences and their similarity values in the new set.

The list of teachers with the highest similarity to students’
demands can be generated based on the aforementioned pooling
criterion. To tackle the problem of incomplete teacher selection
when relying solely on similarity, we propose a matching criterion
that first evaluates the text inclusion relationship and then
recommends teachers based on similarity scores. However, the
matching criterion may recommend teachers with similarity scores
significantly lower than students’ demands. Additionally, when the
student’s demand text contains an excessive number of words, no
advisor may be recommended due to the absence of inclusion
relations. Therefore, the teacher recommendation list generated by
the matching criterion serves as a supplement to that derived from
the pooling criterion. The matching criterion assesses whether the
word sequences of teachers (i.e., ch, TjD and TJP ) contain the word
sequences of student e (i.e., FEC, Ff and Ff), and selects the set T’
of all the teachers whose word sequences include any of student e’s
word sequences. Subsequently, the similarity between the teacher
vector represented in T’ and the corresponding vector of student
e is calculated. Advisors are then recommended based on both the
frequency of their occurrence in the similarity sequence and their
similarity scores.

Recommendation prediction is performed by applying a pre-
trained AVRD model. This model is typically saved as a file
that contains both the BERT-based network architecture and the
associated parameter values, including weights and biases. To
deploy a recommendation system using the pre-trained model,
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we can begin by computing vector representations for all teachers
and storing them in a database. Upon receiving a student inquiry,
the server uses the pre-trained model to generate a vector for
the input text. It then produces a ranked list of recommended
advisors by calculating and sorting the similarity scores between
the inquiry vector and all pre-computed teacher vectors in the
database. Johnson et al. (2019) demonstrated in their experiment
that retrieving the top-100 similarities from a dataset of 10,000
1024-dimensional vectors requires less than 10 ms. This experiment
was performed on a system configured with two 2.8 GHz Intel
Xeon E5-2680v2 CPUs, four Maxwell Titan X GPUs, and CUDA
8.0. Consequently, with proper server deployment, the advisor
recommendation system can operate at a sufficiently fast and
satisfactory speed.

4 Experimental results

Before being deployed as a recommendation system,
recommendation algorithms are typically fully trained using
large-scale datasets. The recommendation efficiency of the system
depends entirely on the training performance. First and foremost,
the quality of the dataset serves as the foundation, as all well-
trained algorithms rely on high-quality ground truth. Meanwhile,
a set of evaluation metrics is typically employed to compare the
recommendation performance across classic algorithms.

This section starts with an introduction to the collection,
processing, and testing of experimental data. Subsequently, it
analyzes the recommendation results of the proposed model,
baseline models, and ablation models on the validation dataset.
Finally, t-distributed stochastic neighbor embedding (t-SNE)
(Maaten and Hinton, 2008) is employed to transform the text
representation vectors of teachers into two-dimensional scatter

plots, which are then analyzed in depth based on different schools.

4.1 Datasets

In this paper, experimental data include information system-
collected data and questionnaire survey data. Information system
data are employed for text feature extraction and vectorized
representation of teacher-related texts. Questionnaire survey data,
meanwhile, include students” short texts describing their demands
as well as the corresponding lists of target teachers. Based on the
questionnaire survey data, we constructed the validation set for
the advisor recommendation model and realized the vectorized
representation of students’ demands. The sources and processing
methods of these two types of data are described in the following
sections.

We collected 30,458 text records, including 4,067 course
records, 1,970 research direction records, and 24,421 paper
publication records in total. Following text length screening,
we constructed a corpus consisting of 24,374 paper publication
word sequences, 3,762 course word sequences, and 1,577 research
direction word sequences; the length of remaining sentences
uniformly aligned to 40. Subsequently, we used these 29,713
sentences to fine-tune the Chinese BERT (RoBERTa-wwm-ext) by
applying the masked language model objective (Cui et al., 2021).
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TABLE 1 Teacher dataset.

Record type Field name Number
Course records Teacher ID 2,324
Course name 68,792
Year of teaching 68,792
Research direction records Teacher ID 1,970
Research direction 1,970
School 1,882
Paper publication records Teacher ID 2,248
Paper title 28,754
Year of publication 28,754
School 1,700

4.1.1 Teacher dataset

Teachers’ text information is sourced from the Information
Construction Department of a Chinese university, with abundant
teacher data collected over the years. Specifically, academic
research-related textual data primarily include course records,
paper
publication records. The research direction records comprise

research  direction records, and Chinese-language
direction information uploaded by teachers and the names of
corresponding primary and secondary disciplines, which clearly
and systematically detail their research interests. The course
records list all courses taught by individual teachers, reflecting
their specialized competencies. The earliest course record dates
back to 2004, with records covering the period up to 2021. The
paper publication records include the titles of all papers authored
by teachers, among which the most recent publication reflects their
latest research endeavors. Although the earliest publication record
traces back to 1970, the majority of documents were published
between 1999 and 2021. A statistical summary of all three data
types is presented in Table 1.

Owing to the varying frequencies of textual records and
differences in the number of teachers across data categories,
significant disparities exist in the quantities of course records,
research direction records, and paper publication records. For
many teachers, course records tend to accumulate and recur
as their teaching experience grows. Initially, there were 127,232
course records, covering 4,067 courses and 2,324 teachers. After
removing annual duplicate course records for each teacher, 68,792
course records remained. The other two types of records were
subsequently cleaned and organized. The research direction data
include records for 1,970 teachers, while the publication data
contain 28,754 records from 2,248 teachers, involving 24,421
papers. Finally, 1,921 teachers with course records from the past
three years were selected as potential recommendable candidates,
excluding those who had resigned or retired.

4.1.2 Student dataset

Students’ demand data were collected via a questionnaire
survey, with respondents being students from the same university
whose teacher data are used for text vector representation learning.
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FIGURE 3
Data distribution before (left) and after (right) questionnaire processing.

The questionnaires were distributed through the professional
survey platform “Wenjuanxing” and disseminated online via
communication tools such as WeChat and QQ. It comprises 3
multiple-choice questions and 11 open-ended questions, covering
students’ general information, course names related to their
demands, research fields of interest, project keywords, and a list
of preferred advisors. The list of intended advisors provided by
students in the questionnaire serves as the ground truth for
this study.

For the information asymmetry regarding students’ knowledge
of teachers’ academic expertise, some intended advisors selected
by students may not align with their demands, leading to low-
quality ground truth. To enhance the accuracy of the ground truth,
we conducted a second-round advisor adjustment by providing
students with teacher profiles generated using DeekSeek. We
generated teacher profiles (with a length of less than 250 words for
each teacher) based on teaching records and demand profiles based
on students’ query texts by calling the DeepSeek interface. In the
second round, we constructed a set of ten candidate teacher profiles
for each student respondent to adjust advisor selection. The set of
ten candidates include: (1) three teachers initially intended by the
student in the first round; (2) three teachers with profile similarity
to the intended teachers; (3) four teachers with text similarity
between the student’s demand profile and teacher profiles. The
similarity is calculated using the last hidden layer vectors of profiles
from deepseek-llm-7b-chat model (DeepSeek-AT, 2024b). After the
second-round advisor selection, the final list of intended advisors is
designated as the ground truth for our AVRD model.

Finally, a total of 279 questionnaires are recovered online.
Respondents are from 9 schools within the selected university.
Distributions by school, gender, and grade are presented in Figure 3
(left). The number of respondents from School 14 and School 9
is 98 and 78, respectively. For School 12, School 2, and School 1,
the corresponding number of respondents stands at 35, 33, and
28, respectively. The remaining four schools each has fewer than
5 respondents. The male-to-female ratio among respondents is
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approximately 1:1, and the postgraduate-to-undergraduate ratio
is 5:2.

The quality of questionnaire responses is assessed, and invalid
questionnaires are excluded. Three evaluation criteria are employed
to assess questionnaire quality: (1) the completeness and validity of
teachers’ names, which required no blanks, repetitions, or special
characters; (2) the filling standards for course names, research
fields, and paper keywords, with no blanks or special characters
allowed; (3) the uniqueness requirement that course names,
research fields, and paper keywords must not be identical. Finally,
170 questionnaires are retained. The distribution of respondents by
school, as well as their gender and grade information, is presented
in Figure 3 (right). Three schools with only 1 respondent are
deleted and the remaining 6 schools are retained. Additionally,
the school distributions, gender ratios, and grade proportions of
respondents are basically consistent with those before screening.
Therefore, although more than 1/3 of the questionnaires are
deleted, the personnel distribution structure of the questionnaire
is not damaged, indicating that the questionnaire screening is
relatively reasonable.

4.2 Parameter settings

We utilize the base-level Chinese BERT model, characterized
by its 12 transformer layers and a hidden dimension of 768. The
following parameter settings are applied only during fine-tuning.
Once the model is fully trained, the saved model architecture
and learned weights are deployed in the recommendation system
for inference.

During the fine-tuning of the Chinese BERT, the model is
trained for 3 epochs with batches of 64 samples, using AdamW
optimizer at a learning rate of 3e-5. Subsequently, the unsupervised
SimCSE model is trained using this newly fine-tuned BERT model
as the backbone. The SimCSE model is trained for 1 epoch with
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with a batch size of 64, adopting the AdamW optimizer (learning
rate = le-5) and a dropout rate of 0.3.

For vector representation, each record is encoded as a vector
using the [CLS] token from the last hidden state of BERT. With
the time decay factor of n = 0.88, the teacher’s representation
vector is computed via the weighted average of records, as shown
in Equation 5. Student representation vectors are derived from
three types of questionnaire items: two items regarding preferred
course names, three items about interested research fields, and
three items related to project keywords. Ultimately, three 768-
dimensional teacher vectors and three 768-dimensional student
vectors are obtained.

We set the length of the recommendation list to 10 or 20,
meaning that 10 or 20 teachers from 1,921 candidates are first
recommended to each of the 170 students according to the pooling
criterion. Subsequently, an additional 2 teachers are recommended
to each student according to the matching criterion. In practice,
when pooling and matching criteria are applied simultaneously, the
length of the recommendation list may not exceed 10 or 20 due to
potential overlaps among recommended advisors. When applying
the pooling criterion, the top 15 maximum values are extracted
from each of the three sets (each containing 1,921 similarity values)
to form a new similarity set of length 45, which is then used to
generate the final recommendation list. For the matching criterion,
each text record is segmented using the Jieba word segmentation
tool. Stopwords are selected from the Baidu Stopwords List and the
Stopwords List of Harbin Institute of Technology.

4.3 Model performance

4.3.1 Evaluation metrics

For evaluation metrics of the recommendation system, Liu
et al. (2023) used the hit rate (HR) index to assess the system’s
performance, Huang et al. (2021) adopted the HR index and
NDCG (Normalized Discounted Cumulative Gain) index. The HR
index (Deshpande and Karypis, 2004) calculates the recall rate of
the entire recommendation system by averaging the recall rates
of all users. The NDCG index (Zhang et al., 2023; Karthik and
Ganapathy, 2021) is a measurement standard that considers user
scores and recommendation order. Gu et al. (2020) utilized recall
rate, precision and F1 value. Additionally, mean reciprocal rank
(MRR) and mean average precision (MAP) are frequently used
metrics to measure item order in recommendation lists (Gu et al.,
2022).

In this paper, we select the two commonly used metrics,
MAP and HR, to evaluate the performance of our advisor
recommendation model. MAP and HR can be regarded as the
average probability of correctly recommending each advisor in the
ground truth. To investigate the proportion of students whose
demands are satisfied, we additionally propose two new metrics:
I-REA and II-REA. I-REA is defined as the ratio of students for
whom at least one advisor is successfully recommended, while II-
REA is the ratio of students for whom at least two advisors are
successfully recommended. In fact, the four selected metrics reflect
two perspectives for evaluating recommendation performance.
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The formulas for the evaluation metrics are defined as follows:

L
HR@K = > IR.@KNT,| 7)
LIT,| &
L
1 R.@KNT
MAP@K == + 3 [Ri@k nT| @RIl )
L= Tel
1
IREAGK = 7lle € EIR@KNTI =1} ()

1
II-REA@K = —|fe € £|[R@K NTe| = 2)]. (10)

@K denotes the length of recommendation list. R,@K represents
the set of recommended teachers for student e, while T, is the
ground-truth set of student e. | - | denotes the cardinality (i.e., the
number of elements) of a set.

4.3.2 Comparative evaluation on AVRD

We conducted experiments to evaluate the performance
differences between the proposed advisor recommendation
model (AVRD) and several baseline vector representation
methods. The following four algorithms are commonly employed
recommendation models that leverage vector similarity. A brief
introduction to each is provided below:

e TF-IDF: TF-IDF is computed by multiplying a local
component (term frequency) with a global component
[inverse document frequency (Jones, 1972)], followed by
normalizing the resulting document vectors to unit length.

e LSA: In LSA model (Deerwester et al., 1990), singular value
decomposition (SVD) is applied to the term-document matrix,
and the first 300 dimensions are retained as text vectors. In our
experiment, we used SVD on the term-document matrix of the
teacher corpus to capture the latent semantics of words, with
the number of factors (latent dimensions) set to 480.

e LSA+TF-IDF: The word frequencies in the word-document
matrix are replaced by the TF-IDF values of the words, and
SVD is applied to the matrix (Li and Shen, 2017). In our
experiment, the number of factors (latent dimensions) was set
to 430.

e Word2Vec: We employed the Skip-Gram algorithm (Mikolov
etal,, 2013a) with hierarchial softmax output layer (Morin and
Bengio, 2005) to represent each word as a 340-dimensional
dense vector. During training, the minimum word occurrence
frequency was set to 1, effectively preserving infrequent
professional terms. Additionally, the window size for each
movement is set to 7. We used the same text tokenization
tool and stopwords list as those applied in the matching
criteria. The corpus contained a total of 22,237 valid and
non-repetitive terms.

The performance of each model is presented in Table 2.
Regarding all four evaluation metrics, our AVRD model
outperforms the other four models. Specifically, the I-REA
index based on the top-10 recommendations is 0.8059, indicating
that the demands of more than 80% students (170 in all) can
be met. When recommending 20 advisors, this rate increases to
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TABLE 2 Performance of the AVRD model and baselines.

10.3389/feduc.2025.1673956

Top-K

Methods I-REA

TF-IDF 0.6765 0.4059 0.4438 0.4118 0.8118 0.6471 0.4891 0.5784
LSA 0.4176 0.1588 0.1753 0.2078 0.5765 0.3059 0.2054 0.3333
LSA+TF-IDF 0.5882 0.2824 0.3444 0.3353 0.7647 0.4706 0.3811 0.4843
Word2Vec 0.5824 0.2647 0.2493 0.3098 0.7235 0.4706 0.2944 0.4588
AVRD 0.8059 0.5412 0.5178 0.5118 0.9000 0.7529 0.5825 0.7000

The bold values indicate the best results among all methods.

90%. The II-REA index stands at 0.5412, indicating that over half
of the students can receive at least two ideal recommendations.
With an HR of 0.5118, our AVRD model, on average, can provide
each student with at least one ideal advisor when generating a
recommendation list of 10 advisors.

As discussed in Section 3, our AVRD model is essentially a
fine-tuned BERT architecture. A natural follow-up question is: can
other fine-tuned LLMs outperform fine-tuned BERT in the task
of advisor recommendation? To further compare the performance
of our AVRD model with that of other LLMs, we selected
the Qwen2.5-7b (Qwen team, 2024) and DeepSeek-1lm-7b-chat
(DeepSeek-Al, 2024b) models for the advisor recommendation
task. The results are shown in Table 3. “Without SimCSE” denotes
recommendations made directly with the [CLS] representations
of the three LLMs, without undergoing SimCSE training. For the
Qwen(with SimCSE) model, we adopted an attention network
to be the training model for SimCSE, using the [CLS] token
of Qwen2.5-7b as the input to the attention network. Due
to the high computational cost associated with full-parameter
training of Qwen, we did not use Qwen2.5-7b as the training
model for SimCSE. As shown in Table 3, the I-REA scores of
Qwen, DeepSeek and AVRD without SimCSE are 0.2294, 0.2706
and 0.4118 respectively. In the advisor recommendation task,
the sentence representation effect of the Chinese BERT model
(RoBERTa-wwm-ext) outperforms that of Qwen and DeepSeek—
this advantage is consistent with the II-REA, MAP, and HR metrics.
The application of the SImCSE process leads to a substantial boost
in recommendation performance. Specifically, the I-REA scores
for Qwen and AVRD stand at 0.4824 and 0.8059, respectively.
Notably, the improvements in II-REA, MAP, and HR are even
more pronounced. The RoBERTa model removes the next sentence
prediction objective and dynamically changes the masking pattern
applied to the training data (Cui et al, 2021), therefore, it
exhibits stronger sentence representation capabilities compared
to models focused on text generation. In contrast, LLMs such
as Qwen and DeepSeek place greater emphasis on long-text
generation. For semantic textual similarity (STS) tasks such as
advisor recommendation, the RoBERTa model shows superior
performance, as shown in Table 3.

4.3.3 Ablation study
Ablation experiments evaluate the
in our AVRD model. Three

variant models are defined as follows:

are conducted to
effectiveness of each module
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TABLE 3 Comparison of performance among LLMs.

Methods I-REA |I-REA MAP HR
Qwen (without SimCSE) 0.2294 0.0235 0.0648 0.0843
DeepSeek (without SimCSE) 0.2706 0.0294 0.0874 0.1000
AVRD (without SimCSE) 0.4118 0.1176 0.1349 0.1824
Qwen (with SimCSE) 0.4824 0.2235 0.2178 0.2529
AVRD (with SimCSE) 0.8059 0.5412 0.5178 0.5118

The scores are based on top-10 recommendations.

TABLE 4 Performance of variants of the AVRD model.

| Methods I-REA  I-REA  MAP HR |
AVRD-S 0.4118 0.1176 0.1349 0.1824
AVRD-PM 0.7118 0.4118 0.4756 0.4157
AVRD-T 0.7882 0.5706 0.5131 0.5176
AVRD 0.8059 0.5412 0.5178 0.5118

The scores are based on top-10 recommendations, and the time-decay rate is set to 0.88. The
bold values indicate the best results among all methods.

e AVRD-S: This variant of the AVRD model makes
recommendations without considering the SimCSE training
process.

e AVRD-PM: This variant utilizes all modules of the AVRD
model except for the pooling and matching criterion.

generated by

similarities between the combined vectors of student

Recommendations are computing the
text representations and teacher record representations.

e AVRD-T: This variant utilizes all modules of the AVRD model
without considering the time decay factor.

As shown in Table 4, the scores of the AVRD-S model
are significantly lower than those of the AVRD-PM, AVRD-T,
and AVRD models, which demonstrates the effectiveness of the
SimCSE module. The pooling and matching criteria play important
roles in the AVRD model. After implementing the pooling and
matching criteria, the I-REA score increased from 0.7118 to 0.8058,
representing a 13.2% enhancement. Simultaneously, improvements
are also observed in the II-REA, MAP, and HR metrics. The time-
decay rate demonstrates a slight improvement effect, yet it shows no
impact on the II-REA, MAP, and HR metrics.This can be attributed
to the fact that teachers’ research interests and teaching courses do
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not change frequently, which limit the time-decay rate’s impact on
similarities.

4.4 Visualization of representation vectors

As aforementioned, the quality of the vector representations
ultimately determines the effectiveness of the recommendations.
A high-quality vector representation enables similar texts to
maintain small distances and dissimilar texts to maintain large
distances in the vector space, thereby enhancing the accuracy
of recommendations. To illustrate the vector representation
performance of the AVRD model, we provide three low-
dimensional diagrams in this section to facilitate visualization.

For visualizing sentence representations, representation vectors
of teachers from six validation-set schools are plotted as 2D
scatter plots. Inter-school dissimilarity is analyzed by comparing
the distribution of teacher scatter points across schools. The
distributions of teachers from 6 schools after dimensionality
reduction of their research direction vectors are shown in Figure 4.
Schools 2, 9 and 11 exhibit high intra-class compactness, whereas
the other three schools show obvious intra-class dispersion. School
1 has a subcategory that tends to cluster with School 9. School 12
shows slight overlap with Schools 2 and 9. School 14 also has a
subcategory biased towards School 11.

As is well established, after dimensionality reduction via t-
SNE, points that are closer together indicate higher similarity.
Consequently, for Schools 2, 9, and 11, the research directions of
teachers within each school are highly correlated. Furthermore, for
Schools 1, 12, and 14, some teachers in each school share similarities
in their research directions with those in other schools-which is
corroborated by their proximity in the scatter plot.

The
dimensionality reduction of their course vectors are shown

distributions of teachers from six schools after
in Figure 5. Compared with Figure 4, the course records of teachers
across different schools exhibit clearer inter-school distinctions,
and the overlap phenomenon is reduced. Additionally, the
distribution of teachers across schools in Figure 5 is similar to

that in Figure 4. For example, Schools 1 and 14 still contain
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FIGURE 6
Visualization of paper publication vectors.

small fractions of points that are biased toward Schools 9 and 11,
respectively.

The
dimensionality reduction of their paper publication vectors

distributions of teachers from 6 schools after
are shown in Figure 6. It can also be observed that the school
distributions in Figure 6 are similar to those in Figure4. A
key distinction, however, is that inter-school overlap is more
pronounced. There is a minor overlap between School 14 and
School 11, as well as among Schools 12, 1, 2 and 9.This overlapping
phenomenon primarily stems from two factors: First, each teacher’s
paper publication records contain a more diverse range of terms,
rather than being limited to fixed research direction vocabularies
or course names. Second, when teachers from different schools
have similar research direction records (as shown in Figure 4),
shared terminology may appear in their publication records—
contributing to slight overlap. Additionally, collaborative research
and co-authored papers between teachers from different schools
further exacerbate this overlap.

Based on the aforementioned analysis, the six schools can be
categorized into two groups in Figure 6: School 11 and School 14

are located on the right, while Schools 1, 2, 9, and 12 are situated
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on the left. Data validation further confirms that the disciplinary
orientations of the schools on the left and right are predominantly
science-based and arts-based, respectively. Specifically, School 14
offers programs in literature, law, and art, whereas School 11
specializes in economics and management. Notably, in Figure 4,
some teachers from School 14 are positioned closer to School 11—
this is attributed to their expertise in commercial law, a field that
shares close links with economic management. School 12 offers
fundamental science disciplines, including mathematics, chemistry,
and physics. Due to collaborative efforts between some of its
teachers and those from other schools, an overlap between School
12 and other schools is observed in Figure 4. In addition, as shown
in Figures 4-6, there are some subcategories comprising teachers
from 6 schools. One possible explanation for this phenomenon is
the existence of teachers with incomplete or missing information,
whose representations appear in the central regions of Figures 4,
6. Another contributing factor is that some teachers are affiliated
with school-wide courses (e.g., Career Planning Courses for College
Students located in the center of Figure 5) or school-wide research
directions (e.g., Research on University Teaching Exploration
located in the right region of Figure 6). In summary, the vector
representations of teachers generated by the AVRD model can
effectively capture the underlying text information.

5 Conclusion

In this paper, we proposed an advisor recommendation model
(AVRD), which employs BERT and unsupervised SimCSE to
generate sentence vectors, to achieve recommendation based on
students’ short-text queries. To enhance the recommendation
performance, a pooling and matching criterion and a time-decay
rate are integrated into the model. Empirical studies on the
ground truth demonstrated the superiority of our proposed AVRD
model. Notably, this model showed a significant improvement in
accuracy, outperforming other LLMs such as Qwen and DeepSeek,
as well as the traditional recommendation models like TF-IDE
LSA, and Word2Vec. Although the model training process is time-
consuming, often taking several hours, the inference process (i.e.,
providing recommendations for a student) is nearly instantaneous.
Due to the challenges of collecting high-quality student datasets, we
utilized a relatively small dataset. In future work, we will develop
an advisor recommendation system based on our proposed model
to support students in learning and innovative activities. As data
accumulates, we will construct a larger dataset to further enhance
recommendation accuracy.
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