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Abstract
[Purpose/Significance] Academic literature download behavior constitutes a cru-
cial component of researchers’information retrieval activities. Research on pre-
dicting such behavior facilitates a deeper understanding of researchers’retrieval
patterns, providing a basis for academic resource retrieval platforms to opti-
mize search results and restructure ranking mechanisms, thereby enhancing the
service quality of retrieval systems. [Method/Process] We construct a multi-
dimensional feature framework for users’academic literature download behavior,
develop sub-classifiers based on query relevance and user behavior using machine
learning algorithms, and build a hybrid prediction model for academic literature
download behavior through a weighted strategy. [Results/Conclusion] Experi-
mental results demonstrate that the Random Forest algorithm achieves optimal
performance on both classifiers. Compared to models trained solely on query
relevance features, the hybrid model improves accuracy by 2.3% and F1-score by
1.3%. In the hybrid model, the user behavior-based sub-classifier carries higher
weight; the features of “download volume”, “whether professional/advanced
search is employed”, and “publication date”exhibit substantial contribution.
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Abstract: [Purpose/Significance] Academic literature downloading represents
a crucial component of researchers’information retrieval behavior. Predict-
ing download behavior facilitates deeper understanding of researchers’retrieval
patterns, providing a basis for academic resource platforms to optimize search
results and restructure rankings, thereby enhancing retrieval system service qual-
ity. [Method/Process] This study constructs a multi-dimensional feature system
for user academic literature download behavior, develops sub-classifiers based on
query relevance and user behavior using machine learning algorithms, and builds
a hybrid prediction model through weighted integration. [Result/Conclusion]
Experimental results demonstrate that the Random Forest algorithm achieves
optimal performance for both sub-classifiers. Compared with models trained
solely on query relevance features, the hybrid model improves accuracy by
2.3% and F1-score by 1.3%. In the hybrid model, the user behavior-based
sub-classifier carries higher weight, while “download volume,”“use of profes-
sional/advanced search,”and “publication time”emerge as highly contributive
features.
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Academic resource retrieval platforms serve as critical channels for researchers to
access scholarly information, offering advantages such as rich resources, timely
updates, and convenient access. However, the rapid growth of academic re-
sources has created information overload, increasing retrieval costs and consum-
ing substantial time and effort from researchers. Optimizing retrieval functions
through result restructuring and ranking is essential for improving user sat-
isfaction with academic resource platforms and meeting researchers’scholarly
information needs.

Academic literature downloading constitutes the subsequent process of academic
retrieval. Understanding download behavior can inform academic search result
ranking. Current research primarily focuses on the correlation between citation
counts and download volumes [1-3], often treating download volume as a biblio-
metric evaluation metric to address the time-lag limitations of citation analysis.
Some scholars have analyzed excessive downloading behavior from intellectual
property perspectives, examining its characteristics [4-5], detection methods [6],
and proposing countermeasures [7]. However, few studies predict academic lit-
erature download behavior, and existing work remains limited to forecasting
download volumes [8], neglecting user preferences reflected in their interactive
behaviors during academic retrieval [9] and failing to incorporate fine-grained
individual search information into download predictions. Retrieval information
can substantially reflect users’information needs, search objectives, and moti-
vations [10]. Therefore, investigating influencing factors of academic literature
download behavior within single retrieval sessions is significant for clarifying user
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intent, optimizing academic literature retrieval result ranking, and improving
researchers’retrieval efficiency and academic resource utilization.

Based on these considerations, we propose a multi-dimensional feature-based
prediction model for academic literature download behavior. After construct-
ing a relevant feature system for user download behavior, we employ machine
learning algorithms to establish sub-classification models based on query rel-
evance and user behavior, respectively, and construct a hybrid classification
model using weighted strategies to predict users’academic literature download
behavior.

1 Related Research
Academic search enables filtering and screening of scholarly information to meet
researchers’diverse needs and personalized interests. Current scholarship primar-
ily examines academic search behavior from perspectives of query intent, query
formulation features, and retrieval strategies. Query intent refers to users’po-
tential objectives during retrieval, which can be categorized as informational,
navigational, or transactional [11]. Retrieval based on different query intents
can reflect personalized differences among users [12]. M. Khabsa et al. [13]
classify academic users’query intents into navigational and informational cat-
egories based on academic search behavior characteristics, where navigational
intent targets specific academic literature and informational intent seeks rele-
vant information on a topic [14]. As fundamental features of queries, query
formulation construction reveals users’most direct needs [15]. X. Li et al. [16]
found through query content analysis that academic searches predominantly
involve entity retrieval, where these entities reflect topics of user interest. Ac-
cording to human information behavior theory [17], academic search behavior
can be summarized into three types: research exploratory, task-oriented, and
technique-dependent. Different academic search behavior types correspond to
different retrieval strategies [18]. When users seek to understand domain de-
velopment trends, they require large volumes of literature, exhibiting research
exploratory behavior where keyword search and journal search are preferred
strategies. When users have clear academic retrieval objectives, their behavior
becomes task-oriented, tending toward exact matching modes.

Academic literature downloading represents the subsequent stage of academic re-
trieval. Researchers search for literature to locate scholarly information relevant
to their work and download documents that meet their expectations. Studying
academic literature downloads can compensate for the limitation that citation
frequency cannot reflect the academic value of implicitly cited literature [19],
considering contributions from read-but-uncited documents. Additionally, since
papers undergo publisher review and reader comprehension before being cited,
citation analysis suffers from time delays [20]. Download studies can mitigate
this lag [21], more rapidly reflecting paper value [22]. Compared with citation
data, download volume demonstrates greater discriminative power and sensi-
tivity, with different statistical characteristics from citations [23]. Therefore,
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download research can supplement citation behavior analysis, providing new
perspectives for studying academic influence.

As an indicator of literature usage, historical download volume timely reflects
usage patterns and can identify citation value earlier than citations [24]. Al-
though the correlation between download frequency and citation frequency for
individual open-access papers is not significant [25], the number of times pa-
pers from the International Journal of Accounting Information Systems enter
the top 25 download rankings significantly correlates with citation counts [26],
suggesting that the relationship between downloads and citations differs at the
individual paper versus journal level. Furthermore, excessive downloading has
become a common issue in university libraries. Xu Wenxian et al. [27] inves-
tigated excessive downloading cases domestically and internationally, finding
that academic research needs and commercial interests constitute the primary
causes.

In summary, existing research mostly evaluates academic influence by analyz-
ing the relationship between download volume and citation count, or analyzes
excessive downloading to regulate platform usage, lacking investigation into
decision-making processes underlying user download behavior in academic re-
trieval. Therefore, we construct a user literature download behavior prediction
model in academic retrieval from both query relevance and user behavior per-
spectives.

2 Hybrid Model for Academic Literature Download Behav-
ior Prediction
2.1 Problem Definition

We define the prediction of literature download behavior within a single aca-
demic retrieval session as a binary classification problem: given user u and
literature retrieval results D = {d1, d2, d3, ⋯, d�} (where n is the total number
of retrieved documents), for any document d� in D, predict whether user u will
download it. The prediction label y� � {0, 1}, where 1 represents download and
0 represents no download.

2.2 Academic Literature Download Behavior Prediction Model
Framework

Academic literature download behavior is essentially driven by user needs, based
on the fundamental assumption that literature more closely matching user needs
is more likely to be downloaded. Based on previous research, we posit that this
matching degree manifests in two aspects: (1) semantic similarity between the
query and academic literature, and (2) similarity relationships between user
needs reflected in behavior and literature. Accordingly, we first construct sub-
classifiers based on query relevance and user behavior for these two information
types, then integrate them into a hybrid classifier. The query relevance-based
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sub-classifier primarily learns document features and user query features, aiming
to predict download behavior through matching degree between literature and
user retrieval needs. The user behavior-based sub-classifier extracts literature
embedding representations using the item2vec model [28] from user behavior
records to mine potential associations between documents. The hybrid classifier
applies weighted combination of predictions from these two sub-classifiers to
comprehensively capture influencing factors and improve model effectiveness.

2.2.1 Query Relevance-Based Sub-Classifier Query relevance reflects the
matching degree between retrieval results and user needs, directly influencing
subsequent behaviors such as browsing and downloading, and represents an
important basis for retrieval result ranking [29-30]. Query relevance assessment
involves both literature and user query intent features.

Literature Features measure whether documents can satisfy user needs from
quality and content perspectives. Information quality significantly influences
users’perceived usefulness and subsequent behavioral decisions [31]. In aca-
demic information seeking contexts, high-quality academic literature enhances
perceived usefulness, prompting download behavior. Commonly used literature
quality metrics include citation count, download volume, source journal, and
publication time [2, 32]. Citation count and download volume measure litera-
ture influence, while source journal and publication time reflect reliability and
timeliness, respectively. Additionally, the degree to which literature content
meets user information needs affects download decisions, measurable through
matching degree between content and current query [33].

Query Intent reflects user search objectives and motivations, influencing subse-
quent browsing and downloading choices [34]. In academic information seeking,
user goals may involve obtaining specific literature (navigational intent) or un-
derstanding publication volumes on a topic, institution, or author (informational
intent), with the former more likely to result in downloads. Since query intent
is abstract and difficult to identify directly, some studies indirectly reflect it
through query formulation features [13, 34-35]. Following existing literature, we
select five query features: query length, whether it is a title, search fields, exact
matching usage, and professional/advanced search usage.

Feature extraction methods are as follows:

(1) Literature Feature Extraction. Literature metadata features can be
directly obtained from bibliographic information. The source journal feature
identifies whether the literature comes from authoritative journals (e.g., those
indexed by Peking University Core, CSSCI, CSTPCD, EI, SCI). Publication
time is calculated as the difference between publication year and current brows-
ing/download year. Due to the highly skewed and uneven distribution of cita-
tion counts and download volumes, we apply equal-frequency binning to process
them. For citation counts, three bins are created: low [0, 1], medium (1, 5], and
high (5, +∞). Download volume is similarly binned into low [0, 27], medium
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(27, 95], and high (95, +∞).

For literature matching degree calculation, since a query may contain multi-
ple search fields, we divide the process into two parts: (1) For content-related
fields (e.g., topic, title), we use keyword matching to calculate the matching
degree between search terms and literature content. Specifically, we segment
the query, literature title, and abstract, then calculate the proportion of search
terms appearing in the title, abstract, or keywords. For example, if a query
contains three terms and two appear in the title, keywords, or abstract, the
matching degree is 0.66. (2) For metadata-related fields (e.g., author, journal),
if the query contains fields that exactly match the literature metadata, we add
a value between 0 and 1 to the content matching degree as a hyperparameter
tuned during training. The formula is:

𝑠𝑐𝑜𝑟𝑒𝑡𝑜𝑡𝑎𝑙 = {𝑠𝑐𝑜𝑟𝑒𝑐𝑜𝑛𝑡𝑒𝑛𝑡 if no matching metadata fields exist
𝑠𝑐𝑜𝑟𝑒𝑐𝑜𝑛𝑡𝑒𝑛𝑡 + 𝛽(𝛽 ∈ [0, 1]) if matching metadata fields exist

where 𝑠𝑐𝑜𝑟𝑒𝑡𝑜𝑡𝑎𝑙 is the overall matching degree, 𝑠𝑐𝑜𝑟𝑒𝑐𝑜𝑛𝑡𝑒𝑛𝑡 is the content match-
ing degree, and 𝛽 is the added value.

(2) User Query Feature Extraction. Query length is obtained by seg-
menting and counting terms. Users submitting longer queries typically seek
more specific information. Title identification follows this rule: if the number
of matching words between the query and article title exceeds 5, the query is
considered a title; otherwise, it is not. Direct title searching indicates users
likely seek specific literature. The search field feature checks whether the query
contains author, DOI, or title fields, which suggest clear search intent. Ex-
act matching, advanced search, and professional search are identified through
regular expressions. Queries with exact matching typically contain quotation
marks, while advanced/professional searches usually include logical operators (
“and,”“or,”“not,”“*,”“+,”“^”) or order operators (“(”). Different search strategies
can reflect user intent, preferences, and information need types to some extent.

Table 1 summarizes the feature system for the query relevance-based sub-
classifier.

2.2.2 User Behavior-Based Sub-Classifier Recommendation research in-
dicates that user browsing or purchase sequences contain product similarity
information. Product embedding representations trained from user behavior
sequences can map original high-dimensional sparse data into low-dimensional
feature spaces, making similar products close in spatial distance, thereby model-
ing potential relationships and improving recommendation effectiveness [36-38].
We adopt this approach, training low-dimensional literature embedding repre-
sentations from user-literature interaction records to capture deep associations
between documents.
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A key approach for training product embeddings in recommendation involves
adapting the word2vec model from natural language processing [28]. Specifi-
cally, products are treated as words in word2vec, user browsing/purchase sets
as sentences, and product pairs appearing in the same set as positive samples.
The Skip-gram with Negative Sampling (SGNS) model learns low-dimensional
product embeddings (item2vec). We treat literature as words and each user’s
browsed document set within a timeframe as a sentence. Formally, using arti-
cle_{id} to identify a document, a user’s literature browsing records can be
represented as:

𝑢𝑠𝑒𝑟𝑖 = [𝑎𝑟𝑡𝑖𝑐𝑙𝑒_𝑖𝑑1, 𝑎𝑟𝑡𝑖𝑐𝑙𝑒_𝑖𝑑2, ..., 𝑎𝑟𝑡𝑖𝑐𝑙𝑒_𝑖𝑑𝑚]

The training data for the item2vec model is represented as:

𝑡𝑟𝑎𝑖𝑛_𝑙𝑖𝑠𝑡 = [𝑢𝑠𝑒𝑟1, 𝑢𝑠𝑒𝑟2, ..., 𝑢𝑠𝑒𝑟𝑖, ..., 𝑢𝑠𝑒𝑟𝑛]

where n represents the number of users.

We input these user browsing literature sets into the SGNS model to learn
low-dimensional literature embeddings:

𝑖𝑡𝑒𝑚_𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 = 𝑆𝐺𝑁𝑆(𝑡𝑟𝑎𝑖𝑛_𝑙𝑖𝑠𝑡)

The resulting literature embeddings are then input into a classifier to output
predictions from the sub-classifier.

2.2.3 Hybrid Classification Model The hybrid classification model weights
the download/non-download probabilities predicted by the two sub-classifiers
to obtain final predictions. Weight coefficients are determined during model
tuning.

In summary, the proposed academic literature download behavior prediction
framework, illustrated in Figure 1, comprises three classifiers. For input user
search and browsing records, the model: (1) builds query relevance-based and
user behavior-based sub-classifiers using machine learning algorithms; (2) con-
structs a hybrid classifier from the two sub-classifiers; and (3) predicts whether
a user will download a specific document based on the hybrid classifier’s output.

3 Experiments and Results Analysis
3.1 Experimental Design

The experimental process, shown in Figure 2, consists of: (1) Data field ex-
pansion: A crawler was developed to collect literature and journal information,
expanding source data fields. (2) Data preprocessing: The expanded dataset
underwent association and invalid data removal, producing usable experimental
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data split into training and test sets at an 8:2 ratio. (3) Feature extrac-
tion: Literature features and user query features were extracted from training
data using the method in Section 2.2.1. Simultaneously, the item2vec model
was trained on non-institutional user browsing data to extract literature em-
beddings based on user behavior records. (4) Model training: The training
data was used to train both sub-classifiers. Mature machine learning algorithms
for classification include Logistic Regression (LR), Decision Tree (DT), Naive
Bayes (NB), Support Vector Machine (SVM), Multi-Layer Perceptron (MLP),
and Random Forest (RF). We experimented with these algorithms, selecting the
best-performing one for the final hybrid classifier. (5) Model prediction and
fusion: Test set features were extracted similarly. Literature and query features
were input to the query relevance-based sub-classifier to obtain prediction 𝑝𝑖

𝑝,
while literature embeddings were input to the user behavior-based sub-classifier
to obtain prediction 𝑝𝑖

𝑢. These predictions were weighted to build the hybrid
classifier:

𝑝𝑖 = 𝛼 ⋅ 𝑝𝑖
𝑝 + (1 − 𝛼) ⋅ 𝑝𝑖

𝑢

where 𝛼 is the model fusion weight coefficient, 𝑖 represents non-institutional user
behavior records when 𝑝𝑖

𝑢 is from non-institutional data, and institutional user
behavior records otherwise.

3.2 Dataset and Preprocessing

Our research data comes from the Wanfang Data Knowledge Service Platform
journal literature user behavior log dataset provided by the“Huiyuan Sharing”
National University Open Data Innovation Research Competition, including
37,544,670 search logs, 11,998,421 browsing logs, and 14,025,159 download logs
spanning December 1, 2019 to January 31, 2020 [39]. Since source data fields
were insufficient, we expanded user browsing logs by crawling additional infor-
mation using the title and author fields for advanced searches on the Wanfang
platform, capturing top-ranked paper information. Expanded fields included lit-
erature metadata (abstract, publication year, download count, citation count)
and journal metadata (source journal ID, journal level, name, total downloads,
total citations, impact factor).

A challenge with the source dataset is that search, browse, and download records
are stored separately, and institutional users cannot be individually identified.
Analyzing only non-institutional users would waste substantial data resources.
To incorporate institutional user records, we concatenated logs using: (1) min-
imum time difference between browsing and search times for the same user
(user_{id}) and same document (article_{id}); (2) keyword co-occurrence meth-
ods to assess relevance between search terms and document titles after segmen-
tation and stopword removal; (3) minimum time difference between download
and browse times for the same user and document. After removing records
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with missing publication years or abstracts, we obtained 2,383,933 experimen-
tal records (Table 2).

Users typically exhibit two download behavior patterns (Figure 3): (1) browse
detailed information (abstract, etc.) before deciding to download (search-
browse-download/not download); (2) directly judge from brief retrieval list
information whether literature meets needs (search-download/not download).
Our experimental data comprises post-search browsing records, with positive
samples being search-browse-download records and negative samples being
search-browse-not download records.

3.3 Evaluation Metrics

We selected accuracy, recall, precision, and F1-score as evaluation metrics:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝐹𝑁 + 𝑇 𝑁 + 𝐹𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃

𝐹1 = 2 × 𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

where TP is true positives (predicted and actual downloads), TN is true neg-
atives (predicted and actual non-downloads), FP is false positives (predicted
download but actual non-download), and FN is false negatives (predicted non-
download but actual download).

3.4 Experimental Results Analysis

Tables 3, 4, and 5 present prediction results for the query relevance-based sub-
classifier, user behavior-based sub-classifier, and hybrid classifier, respectively.

Results show Random Forest achieves optimal performance across all metrics
for both sub-classifiers. Notably, in the user behavior-based sub-classifier, Ran-
dom Forest’s precision exceeds the second-best Decision Tree by 14 percentage
points, reaching 78.3%, but with low recall. The query relevance-based sub-
classifier shows the opposite pattern. Fusion creates complementary effects, im-
proving overall performance. Table 5 confirms the hybrid classifier outperforms
sub-classifiers, with accuracy increasing 2.3% and F1-score increasing 1.3% com-
pared to the query relevance-based model alone.
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3.5 Sub-Classifier Weight Analysis

To investigate weight distribution between sub-classifiers in the hybrid model,
we used exhaustive search to explore optimal weight coefficient 𝛼 (range [0, 1],
step 0.1). Results in Figure 4 show accuracy peaks at 𝛼 = 0.3, while F1-score
peaks at 𝛼 = 0.4. Considering both metrics, the optimal 𝛼 is 0.4, where accuracy
is near its peak and F1-score is optimal. This indicates the user behavior-based
sub-classifier carries higher weight than the query relevance-based sub-classifier
in the optimal hybrid model, likely because it leverages historical behavior
records to extract fine-grained intrinsic features and learn potential literature
relationships.

3.6 Feature Contribution Analysis

Feature contribution analysis reveals discriminative capabilities and enhances
model interpretability. For query relevance features, we calculated information
gain-based contributions (Figure 5). Features with contribution >10% are con-
sidered high-impact, including“download volume,”“use of professional/advanced
search,”and “publication time.”

Download volume significantly impacts classification. As shown in Figure
6(a), small download volumes correlate with higher non-download rates after
browsing, while large download volumes correlate with higher download rates,
reflecting researchers’tendency to judge quality by download count—consistent
with the Matthew effect in information resource distribution.

Use of professional/advanced search and query length reflect search goal
clarity. When users employ professional/advanced search or submit long queries,
their search purpose is explicit and requirements are stringent, reducing down-
load likelihood. Conversely, short queries suggest interest in domain overview,
requiring large literature volumes and increasing download probability (Figures
6(b) and 6(e)).

Publication time reflects content novelty. Recent publications show higher
post-browse download rates, while older publications show higher non-download
rates (Figure 6(c)), indicating researchers prefer recently published articles.

Literature matching degree reflects content-user need alignment. Higher
matching correlates with higher download rates, while lower matching correlates
with non-downloads (Figure 6(d)). We explored optimal 𝛽 values for metadata
field contributions via exhaustive search but found minimal performance im-
pact, likely due to few records containing metadata-related search fields, making
content-based matching dominant.

Low-contribution features include source journal and citation count, sug-
gesting users pay limited attention to journal authority and citation magnitude
when making download decisions. Research also indicates no significant cor-
relation between download and citation volumes at individual paper level [40].
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Search fields, exact matching usage, and title query show low contribu-
tion with no significant positive/negative sample distribution differences across
value ranges (Figures 6(g), 6(h), 6(j)), possibly because these query formulation
features inadequately distinguish query intent types, warranting future explo-
ration of more precise query intent identification.

Conclusion
We constructed a multi-dimensional feature system for academic literature down-
load behavior and built query relevance-based and user behavior-based predic-
tion sub-models using machine learning, weighted for fusion. Experiments on
Wanfang user behavior logs demonstrate Random Forest’s superior performance
and the hybrid classifier’s effectiveness. The user behavior-based sub-classifier
carries higher weight in the hybrid model. “Download volume,”“use of pro-
fessional/advanced search,”and “publication time”emerge as key influencing
factors. The proposed model achieves good performance and can serve as a
re-ranking module in retrieval systems: after returning relevant literature sets
based on user queries, the model extracts features from user behavior and lit-
erature data, predicts downloadable documents through trained classifiers, and
ranks these at the top of result pages to enhance retrieval efficiency.

Limitations include: (1) using query features only indirectly reflects query intent
without building explicit intent recognition models—future work should integrate
intent recognition with download prediction; (2) dataset limitations prevent
individual identification within institutional users, precluding session analysis.
Future research will incorporate session sequences to analyze temporal evolution
of content and behavior preferences during academic retrieval, improving and
innovating the prediction model.
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