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Abstract
The rapid growth of scholarly publications has made automated topical organization
and recommendation essential for efficient literature search. However, most existing
approaches treat classification and recommendation as two separate tasks with inde-
pendent representations. This paper proposes a unified content-based framework in
which a single TF-IDF representation of the article abstract drives both multi-class
topical classification and top-k article recommendation. A new benchmark of 11,744
abstracts is constructed from the IEEE Xplore digital library in six topical queries. The
abstract text and the topical query label are retained for every record, so the entire
pipeline operates on abstracts alone without titles, author keywords, or indexer-supplied
terms. A preliminary confusion analysis reveals that two queries (Big Data Analysis
and Cloud Computing) exhibit near-complete vocabulary collapse and are consolidated
into a single class, yielding a five-domain benchmark: Big Data & Cloud Comput-
ing, Data Science, Robotics, Wireless Communication, and Breast Cancer. On the
classification side, five supervised learners (Logistic Regression, Linear SVM, SGD,
k-Nearest Neighbours, and Decision Tree) are compared under identical 80/20 stratified
hold-out and 10-fold cross-validation protocols. The grid-searched Logistic Regression
attains 85.01% accuracy (weighted F1 = 0.850), and a soft-voting ensemble of Logistic
Regression, Linear SVM, and SGD reaches 85.57% (weighted F1 = 0.855). On the
recommendation side, the same TF-IDF representation powers a top-10 recommender
that achieves MAP@10 = 0.7664 with pure cosine ranking. Reusing the classifier’s
calibrated class probabilities to re-rank cosine candidates lifts Precision@10 by +12.5
percentage points (to 0.7715) and MAP@10 by +7.6 points (to 0.8428), with consistent
gains on NDCG@10 and MRR. The dataset, preprocessing pipeline, trained models,
and replication scripts are released to support reproducibility.

Introduction

The volume of scientific publications has grown
faster than any individual researcher can read or
even survey. Public estimates place the cumulative
number of indexed scholarly articles in the tens of
millions, with hundreds of thousands of new papers
added every month across digital libraries such as
IEEE Xplore, ACM Digital Library, Springer, and
arXiv [1, 2]. The result is the now-familiar problem
of information overload [3, 4]: locating the small set
of relevant papers in a large topical neighborhood is
itself a research-time bottleneck.

A common building block of systems that address
this overload, from faceted search to personalized

paper recommenders, is a topical classifier that maps
an abstract to one or more research domains [5, 6].
Reliable abstract classification is what allows down-
stream components, such as content-based filters or
graph-based recommenders, to expand their set of
candidates and inject domain priors into the ranking
[7, 8]. The performance of these downstream com-
ponents is therefore upper-bounded by the quality of
the topical classifier and the rigor of its preprocess-
ing pipeline.

Despite this, much of the published work on content-
based scholarly classification reports headline ac-
curacies on small, narrowly scoped datasets, with
limited preprocessing rigor, and without a careful
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classifier-by-classifier comparison on a single cor-
pus. Bulut et al. [9], the most directly comparable
prior study, evaluates a TF-IDF and cosine-similarity
recommender on a corpus of 600 articles and reports
an accuracy of 71%. Rahman et al. [10] extend
the benchmarking to the arXiv corpus across many
subject categories under a multi-label setting and
reporting a best classification accuracy of 69% with
TF-IDF and Logistic Regression. The wide variabil-
ity of the dataset, label granularity, and evaluation
protocol across these studies makes it difficult to
attribute reported gains to the genuine methodologi-
cal improvements rather than to the dataset charac-
teristics. Furthermore, both classification and rec-
ommendation performance are typically reported in
isolation, with few studies releasing a single end-to-
end pipeline that performs both tasks on a controlled
benchmark.

Three concrete use cases motivate the develop-
ment of a robust classification-plus-recommendation
pipeline for scholarly abstracts. The first is auto-
mated faceting of search results in digital libraries,
where a topical classifier partitions retrieved articles
into the user’s domain of interest before re-ranking.
The second is cold-start paper recommendation, in
which a researcher’s reading history is too short to
support collaborative filtering, and a content-based
pipeline must carry the load alone. The third is
automatic indexing of newly published articles in
domain-specific repositories where manual curation
is not scalable. In all three cases, the practical qual-
ity of the downstream system is bounded by the joint
quality of the classifier and the retrieval module,
which makes a controlled end-to-end study directly
valuable.

The present study is organized around four research
questions. RQ1: On a controlled mid-sized aca-
demic benchmark, do the six topical queries used to
construct the dataset yield linearly separable classes
from abstract text alone, or does query-based label-
ing introduce structural confusion that no amount of
preprocessing can resolve? RQ2: When the struc-
turally confused classes are consolidated, do classi-
cal linear classifiers (Logistic Regression and SVM)
retain their well-known empirical advantage over
distance-based (k-NN) and tree-based methods on
abstract-only TF-IDF features? RQ3: Can the cali-
brated class probabilities of the classification head
be reused as a re-ranking signal for a top-k recom-

mender, and if so, by how much does this improve
standard information retrieval metrics over a pure
cosine-similarity baseline? RQ4: How do the re-
sulting classification and recommendation numbers
compare to contemporary content-based baselines
that operate on smaller or larger corpora?

This paper contributes a controlled, single-corpus
end-to-end benchmark study that addresses these
gaps. Our specific contributions are:

1. A new, publicly releasable benchmark dataset of
11,744 scholarly abstracts collected from IEEE
Xplore across six topical queries spanning com-
puting, engineering, and biomedical vocabulary,
distributed as per-class CSV files containing only
the abstract text and its topical-query label.

2. A documented finding that two of the queries
(Big Data Analysis and Cloud Computing) ex-
hibit near-complete vocabulary collapse at the
abstract level, motivating their consolidation into
a single combined class. This produces a clean
five-domain benchmark suitable for classification
and recommendation evaluation.

3. A reproducible seven-stage preprocessing
pipeline (case normalization, special-character
removal, digit removal, tokenization, stop-word
removal with a corpus-specific extension to the
standard NLTK list, short-token removal, and
lemmatization) that operates directly on the
abstract text and feeds a TF-IDF (1,2) gram
vectorized, configured with sublinear-TF and ℓ2
normalization.

4. A head-to-head comparison of five widely used
supervised classifiers (Logistic Regression, Lin-
ear SVM, SGD, k-NN, Decision Tree) under iden-
tical 10-fold stratified cross-validation, with grid-
searched regularization for the headline classi-
fier and a soft-voting ensemble that combines the
three best individual learners.

5. A top-k scholarly article recommender built on
the same abstract-only TF-IDF representation,
with two ranking strategies (pure cosine sim-
ilarity and Logistic-Regression probability re-
ranking) evaluated by Precision@10, MAP@10,
NDCG@10, and Mean Reciprocal Rank.

6. A direct empirical comparison of the two rank-
ing strategies, showing that classifier-aware re-
ranking lifts Precision@10 by +12.5 percentage
points and MAP@10 by +7.6 points, supporting
the use of calibrated probabilistic classifier out-
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puts as a re-ranking signal in scholarly retrieval.

The remainder of this paper is organized as follows:
Section reviews related work. Section describes the
dataset, class consolidation, preprocessing pipeline,
TF-IDF feature extraction, classifiers, and recom-
mendation module. Section describes the exper-
imental protocol. Section presents the classifica-
tion headline results, classifier comparison, cross-
validation, ROC analysis, and the recommendation
evaluation. Section provides error analysis, threats
to validity, and limitations. Section concludes and
outlines future work.

Related Work

Research-paper recommendation and abstract-level
classification have been approached through four
main paradigms: content-based filtering, collabo-
rative filtering, graph-based methods, and hybrid
approaches. A complete survey is given by Beel et
al. [7]. We summarize the work most relevant to a
content-based pipeline that performs both classifica-
tion and recommendation.

Content-Based Filtering

Kaya [11] proposes a TF-IDF scoring scheme over
the SOBIAD academic database that combines au-
thor, journal, and recency-aware weights. Bulut et
al. [9] construct a content-based recommender on
a 600-article corpus from a digital library, apply-
ing TF-IDF and cosine similarity over abstracts and
metadata, and report a peak classification accuracy
of 71%. Bhagavatula et al. [12] train neural vector-
space models on PubMed and DBLP for citation
recommendation, reporting relative gains of 18%
in F1@20 and 22% in MRR over keyword-based
baselines. Sharma et al. [13] build a concept-based
recommender that augments abstract text with ex-
tracted domain concepts and shows accuracy gains
over plain TF-IDF on a small academic corpus. Sesa-
giri Raamkumar et al. [14] use author-supplied key-
words to seed initial reading lists, demonstrating that
author keywords can provide a useful signal com-
plementary to the abstract text in settings where that
metadata is available. The present study deliberately
operates on abstract text alone in order to avoid any
dependence on author-supplied or indexer-supplied
annotations.

Collaborative Filtering

Sakib and Ahmad [8] introduce a two-level cita-
tion similarity that combines co-cited and co-citing
relationships and report MAP and MRR improve-
ments over the baseline of Sugiyama and Kan [15]
on the same corpus. Their reported MAP@10 of ap-
proximately 0.45 (an improvement over Sugiyama’s
≈ 0.38) is the closest published reference point in
MAP@10 terms for our recommendation evaluation.
Haruna et al. [16] address the scarcity of explicit rat-
ings by mining citation relationships and computing
Jaccard similarity between candidate papers and a
target paper.

Graph-Based Methods

Totti et al. [17] construct a citation graph over
657,000 documents from CiteSeerX and apply
random-walk methods (IQRA-MC and IQRA-TC)
that outperform PageRank and Google Scholar in a
domain-expert evaluation. Chakraborty et al. [18]
introduce FeRoSA, a faceted recommender that clas-
sifies papers by source role (alternative, background,
evaluation, etc.) using random walks on the ACL An-
thology Network. These methods exploit the citation
graph and therefore, go beyond what abstract-only
classifiers can achieve, but require the citation graph
to be available, a non-trivial prerequisite for new or
interdisciplinary corpora.

Hybrid Approaches

Lee et al. [19] combine content and graph signals
on the DBpia digital library and evaluate with a
5-fold cross-validation, reporting consistent gains
over pure content or pure graph baselines. Son
and Kim [20] propose a multilevel simultaneous
citation network that improves coverage in under-
represented domains.

Hybrid systems are particularly attractive in aca-
demic settings because each constituent paradigm
fails in a different subset of queries. Content-based
filters generalize poorly to novel vocabulary, collabo-
rative methods suffer from cold-start, and pure graph
methods require dense citation neighborhoods. By
combining two or more signals, a hybrid can, in prin-
ciple, cover for any single component’s weakness,
at the cost of a more complex ranking-fusion step.
The present paper does not attempt a graph-based
hybrid configuration; the deliberate scope is a clean,
abstract-only content benchmark, but the calibrated
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probabilistic outputs of the proposed Logistic Re-
gression head are designed to be linearly combined
with a future graph-based score in a straightforward
weighted hybrid. We demonstrate the value of this
design empirically in Section by re-ranking pure
cosine recommendations with the classifier’s class
probabilities.

Topic modeling and Latent-Semantic Methods

A separate line of work uses unsupervised topic
modeling rather than supervised classification to or-
ganize scholarly corpora. Latent Dirichlet Alloca-
tion (LDA) and its extensions are the most common
choice, with Kim and Gil [21] reporting an LDA-
plus-TF-IDF clustering of the Future Generation
Computer Systems journal, and showing reasonable
cluster coherence on two-decade-long publication
series. Topic modeling is complementary to the
supervised classifier developed here: it does not re-
quire labels, but in exchange, it does not produce
a deterministic mapping from abstract to label, and
therefore cannot be used directly for the indexing-
and-routing use cases described in Section .

Recent Embedding-Based Approaches

More recent work moves beyond TF-IDF to dense
embeddings. Cohan et al. [22] train SPECTER, a
document-level embedding learned from citation
co-occurrence, and report state-of-the-art perfor-
mance on several scholarly tasks, including a nearest-
neighbor relevance setting where Recall@5 reaches
≈ 0.84. Ostendorff et al. [23] explore neighborhood
contrastive objectives for paper similarity. Rahman
et al. [10] benchmark TF-IDF and Count Vectorized
against Sentence-BERT, the Universal Sentence En-
coder, and Mirror-BERT on the arXiv corpus across
six classifiers, finding that TF-IDF combined with
Logistic Regression remains the strongest config-
uration at 69% accuracy, despite the availability
of dense sentence embeddings. The robust perfor-
mance of TF-IDF in these recent comparisons sup-
ports our design choice.

Position of This Work

Four observations motivate the present study. First,
the most directly comparable prior content-based
classifier on small academic corpora [9] reports 71%
on 600 articles, while the most recent benchmark-
ing study [10] reports 69% on a much larger but
multi-label arXiv corpus; the space between these

TABLE 1. NOTATION USED THROUGHOUT THE

METHODOLOGY.

Symbol Meaning
D Corpus of N=11,744 abstracts
ai, yi i-th abstract text and class label
C={0, . . . ,4} Five consolidated classes (K=5)
τ(·) Seven-stage preprocessing pipeline
V TF-IDF vocabulary, |V | ≤ 50,000
xi ∈ Rm ℓ2-normalized TF-IDF vector
T , S Train / test sets (9,395/2,349)
nc Number of training samples in class c
wbal

c Balanced class weight: Ntr/(K nc)

W, b Logistic Regression parameters
P(y=c | x) Class-conditional probability
sim(q,c) Cosine similarity between query and candidate
rK(q) Top-K binary relevance vector

two studies, a single-label, mid-sized, controlled-
vocabulary corpus with rigorous abstract-only pre-
processing, is under-represented in the literature.
Second, neither study reports recommendation IR
metrics (MAP@k, NDCG@k, MRR), making direct
end-to-end comparison impossible. We contribute
the missing metrics on a comparable benchmark.
Third, the related work consensus that classifier-
aware re-ranking helps content-based recommenders
asserted but rarely empirically isolated on a single
corpus on the same TF-IDF substrate; we provide
that isolation in Section , contrasting Method A
(pure cosine) and Method B (LR-probability re-
ranking) under identical features. Fourth, recent
dense-embedding benchmarks [22, 23, 10] demon-
strate that TF-IDF combined with a linear classifier
remains a strong, often unbeaten, configuration for a
short scholarly text in single-label settings, motivat-
ing a careful re-examination of this classical pipeline
rather than a leap to dense-embedding models.

Methodology

The proposed pipeline consists of six sequential
stages that share the same abstract only TF-IDF
representation and produce both classification and
recommendation outputs. The pipeline is summa-
rized in Fig. 1. The notation used throughout the
remainder of this section is summarized in Table 1.

Theoretical Foundations

The choice of TF-IDF combined with a linear clas-
sifier rests on three classical observations from in-
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Fig. 1. End-to-end pipeline of the proposed approach.

formation retrieval and machine learning. First, the
bag-of-words representation, although it discards
word order, captures a surprisingly large fraction
of the topical signal present in scholarly abstracts
because abstracts are themselves designed to be lex-
ically self-describing, a property that is precisely
what makes abstract-only classification a well-posed
task. Second, TF-IDF weighting [24, 25] explic-
itly down-weights terms that are common across the
corpus and up-weights terms that are characteristic
of a small subset of documents; this is exactly the
right inductive bias for a classification task whose
target labels correspond to topical domains. Third,
the resulting feature space is high-dimensional but
sparse, and linear classifiers trained with ℓ2 regular-
ization are known to converge well in this regime,
with strong theoretical guarantees on generalization
error [26].

TABLE 2. SIX-CLASS CLASSIFICATION PERFORMANCE

BEFORE CONSOLIDATION

0 1 2 3 4 5
0 BDA 32 52 295 6 9 6

1 DataScience 32 214 31 17 54 1
2 Cloud 300 52 32 4 9 3

3 Robotics 7 39 11 332 11 0
4 Wireless 1 29 3 11 355 1

5 BreastCancer 1 2 1 5 1 390

Dataset Construction

The benchmark was constructed by exporting meta-
data records from the IEEE Xplore digital library
using its built-in CSV export function. Six topical
queries were issued to span computing, engineer-
ing, and biomedical vocabulary: Big Data Analysis,
Cloud Computing, Data Science, Robotics, Wireless
(communication) and Breast Cancer.

From each exported record, only two fields are re-
tained: the abstract text and the class label assigned
by the issuing topical query. All other exported fields
(title, authors, affiliations, indexer-supplied terms,
citation count, year, DOI, etc.) are discarded prior
to any modeling step. The resulting working dataset
is therefore a flat abstract-and-label table with one
row per article, and the entire downstream pipeline
(cleaning, TF-IDF vectorization, classification, and
recommendation) operates on the abstract text alone.
The total number of records is 11,744.

Class Consolidation

A preliminary classification experiment using the six
original queries as labels revealed a structural fail-
ure mode: the Big Data Analysis (BDA) and Cloud
Computing (Cloud) classes were systematically and
symmetrically confused by every classifier we tested,
despite there being no metadata leakage (only the
abstract text was used as input). The diagnostic con-
fusion matrix obtained with multinomial Logistic
Regression on a 2,349-article test set is shown in Ta-
ble 2. Of 400 BDA test articles, 295 were predicted
as Cloud; of 400 Cloud test articles, 300 were pre-
dicted as BDA. Both classes scored an F1 of 0.083
in this run, while the remaining four classes scored
F1 between 0.58 and 0.97.

This pattern indicates that, in the IEEE Xplore
retrieval space, the queries “Big Data Analysis”
and “Cloud Computing” return abstracts with near-
identical vocabulary; they are not separable classes

https://thesesjournal.com | Irfan et al., 2026 | Page 5



SPECTRUM OF ENGINEERING SCIENCES
ISSN (E) 3007-3138 (P) 3007-312X

VOLUME 4, ISSUE 6, 2026

TABLE 3. FIVE-DOMAIN COMPOSITION OF THE

CONSOLIDATED BENCHMARK DATASET.

Class Domain # Articles
0 Big Data & Cloud Computing 4,000
1 Data Science 1,744
2 Robotics 2,000
3 Wireless Communication 2,000
4 Breast Cancer 2,000

Total 11,744

Fig. 2. Five-Class Distribution After Big Data and Cloud
Computing Consolidation

at the abstract-text level. We therefore consolidate
them into a single combined class for all subse-
quent experiments. The final five-class label set
used throughout this paper is reported in Table 3 and
visualized in Fig. 2.

Preprocessing Pipeline

Each abstract is normalized by a seven-stage prepro-
cessing pipeline applied sequentially:

1. Case normalization all text is lower-cased.
2. Special-character removal punctuation, new-

lines, and symbols are stripped via a regular ex-
pression filter [27].

3. Digit removal all numeric tokens are dropped.
4. tokenization the cleaned string is split into word

tokens by a standard English tokenizer.
5. Stop-word removal the standard English stop-

word list [28] is augmented with a corpus-specific
list of cross-domain pervasive terms identified
during preliminary experiments (e.g., data, sys-
tem, paper, model, approach, method, proposed,
result(s), analysis, processing, framework, based,
using, used, and twelve other similarly pervasive
terms; the full list is provided in the released

code).
6. Short-token removal — tokens of length ≤ 2

are dropped.
7. lemmatization a WordNet-based lemma-

tizer [29] reduces inflected forms to their base
lemma.

Feature Extraction: TF-IDF

The cleaned token stream of each abstract is mapped
to a sparse TF-IDF vector [24, 25] over the union
of unigrams and bigrams. We adopt the sublinear
term-frequency scaling so that very frequent within-
document terms are dampened by a logarithmic
transform, smoothed inverse document frequency to
avoid divide-by-zero at corpus-rare terms, and row-
wise ℓ2 normalization so that the cosine similarity
between any two abstracts reduces to a sparse inner
product. Formally, for a term t in document di with
raw count ft,i and training-set document frequency
df(t) over Ntr=9,395 abstracts:

tfsub(t, i) = 1[ ft,i>0]
(
1+ log ft,i

)
, (1)

idf(t) = log
1+Ntr

1+df(t)
+1, (2)

x̃i =
[

tfsub(t, i) · idf(t)
]

t∈V
, (3)

xi = x̃i /∥x̃i∥2. (4)

The vocabulary V is fitted on the training set only
and retains terms with document frequency between
3 and 90% of the training corpus, truncated to the
50,000 highest-weight features. The same fitted vo-
cabulary is then applied to the test set.

Classifiers and Decision-Function Choice

The five classifiers compared in this study span the
hypothesis-class spectrum that is meaningful for
high-dimensional sparse TF-IDF features: a proba-
bilistic linear model with a smooth log-loss (Logistic
Regression [30]), a max-margin model with a non-
smooth hinge loss (Linear SVM, implemented as a
kernel SVC with the linear default in our reference
run [26]), a stochastic-gradient linear model with
the modified-Huber surrogate loss for probability
calibration (SGD [31]), a non-parametric instance-
based model (k-Nearest neighbors with the cosine
metric [32]), and a low-capacity non-linear inter-
pretable model (Decision Tree, CART [33]). Hyper-
parameters are summarised in Table 4 and are fixed
up-front, with one exception: the Logistic Regres-
sion regularization parameter C is tuned by a grid
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search over {0.1,0.5,1,2,5,10} with 5-fold cross-
validation. All classifiers apply a class-balanced
sample weighting to compensate for the modest im-
balance between the consolidated class 0 (4,000 ar-
ticles) and the smallest class (Data Science, 1,744
articles).

The headline classifier is multinomial Logistic Re-
gression with the softmax form

P
(
y=c | x; W,b

)
=

exp(w⊤
c x+bc)

∑c′∈C exp(w⊤
c′x+bc′)

, (5)

trained by minimizing the class-balanced, ℓ2 regu-
larised multinomial cross-entropy

L (W,b) =−∑
i∈T

wbal
yi

logP(yi | xi;W,b)+
1

2C
∥W∥2

F ,

(6)
with wbal

c = Ntr /(K nc) and the regularization
strength C selected by 5-fold inner cross-validation
over {0.1,0.5,1,2,5,10}, yielding C⋆=5.0. The
full optimization and the formal definitions of the
other four classifiers (Linear SVM, SGD, k-NN,
Decision Tree) are given in Appendix .

Two design rationales worth stating explicitly
First, although the SGD classifier achieves the
strongest standalone 10-fold cross-validation accu-
racy (cf. Table 7), Logistic Regression is adopted
as the headline classifier and as the re-ranking head
because it’s calibrated multinomial probabilities are
required by Equation (9) and admit direct proba-
bilistic interpretation; SGD with the modified-Huber
loss is comparably calibrated but less amenable to
per-class probability inspection. Second, only Lo-
gistic Regression’s regularization C is grid-searched,
because LR plays this dual role; the remaining four
learners retain library defaults so that the comparison
in Table 7 reflects the out-of-the-box performance
of each model family rather than a tuned-vs-tuned
shootout.

Soft-Voting Ensemble

The soft-voting ensemble combines the three cal-
ibrated learners MENS = {hLR,hSVM,hSGD} by an
arithmetic mean of their class-conditional probabili-
ties:

PENS(y=c | x) =
1

|MENS| ∑
h∈MENS

Ph(y=c | x), (7)

TABLE 4. HYPER-PARAMETER CONFIGURATION FOR THE

FIVE CLASSIFIERS AND THE SOFT-VOTING ENSEMBLE.

Classifier Hyper-parameter Configuration

Logistic Regression

multi_class multinomial
solver lbfgs
penalty / C ℓ2, C ∈ grid
max_iter 2,000

Linear SVM (SVC)
kernel / penalty linear, ℓ2

probability true
class_weight balanced

SGD Classifier
loss modified_huber
class_weight balanced
max_iter 2,000

k-Nearest Neighbors
k 5
metric cosine
weights distance

Decision Tree (CART)
criterion Gini
max_depth unconstrained
class_weight balanced

Soft-Voting Ensemble members LR + SVM + SGD
aggregation mean of P(y | x)

with the ensemble prediction hENS(x) =
argmaxc∈C PENS(y=c | x). Logistic Regres-
sion inside the ensemble uses the grid-searched
C⋆=5.0.

Recommendation Module

A top-k recommendation module is built on top of
the same abstract-only TF-IDF representation. For
each query article (drawn from the held-out test set),
cosine similarity is computed against every article in
the training corpus. Because the TF-IDF vectors are
ℓ2 normalized, cosine similarity reduces to a sparse
inner product:

sim(q,c) = vq ·vc where ∥vq∥2 = ∥vc∥2 = 1. (8)

Two ranking strategies are evaluated:

Method A Pure cosine ranking For each query,
all training articles are sorted in descending order
of cosine similarity, and the top-k are returned as
recommendations. This is the baseline content-based
recommendation approach used by Bulut et al. [9]
and Rahman et al. [10].

Method B LR-probability re-ranking The Logis-
tic Regression head produces calibrated class proba-
bilities P(y = c | q) for each query. For every candi-
date article c in the training corpus with true class yc,
the cosine similarity is re-weighted multiplicatively:

scoreB(q,c) = sim(q,c) ·
(
1+P(y = yc | q)

)
. (9)

Candidates whose class is highly probable for the
query are boosted; candidates whose class is improb-
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able for the query receive only their cosine score.
The resulting score is used to re-rank the articles,
and the top k articles are returned.

The re-ranking score in Eq. (9) has four properties
worth stating explicitly because they constrain how
the unified framework should be interpreted and re-
produced:

1. Multiplicative, not additive. The cosine similarity
and the topical-prior probability is combined as a
product, not as a weighted sum.

2. Parameter-free. No interpolation weight α and no
scaling λ is introduced; the only tuned quantity
is the upstream Logistic Regression C⋆.

3. Direction of probability lookup. For each candi-
date c, the probability P(y=yc | xq) is evaluated
on the query’s embedding for the candidate’s
true class, not as a candidate-confidence score
maxc′ P(c′ | xc), which would be an entirely dif-
ferent ranker.

4. Bounded amplification. Since P ∈ [0,1], we have
sim(q,c) ≤ scoreB(q,c) ≤ 2 · sim(q,c). The co-
sine ordering is preserved for candidates whose
class is improbable under the query and at most
doubled for candidates whose class is certain un-
der the query.

Deployment-time substitution of yc In the eval-
uation reported in this paper, the candidate pool is
the training partition T , where each candidate’s
true class label yc is known and used directly in
Equation (9). For deployment on a live corpus of
previously unseen candidates, yc is unavailable; it
is replaced by the trained classifier’s hard predic-
tion ŷc = argmaxc′ P(y=c′ | xc; W⋆,b⋆), computed
once at index time and cached alongside each candi-
date’s TF-IDF vector. This substitution introduces a
one-time prediction error per candidate but adds no
per-query classifier call, and the deployment-time
score becomes

scoredeploy
B (q,c) = sim(q,c) ·

(
1+P(y = ŷc | xq)

)
.

(10)
The metrics reported in Section therefore cor-
respond to the upper bound of re-ranker perfor-
mance under perfect candidate labels; the expected
deployment-time degradation is bounded by the clas-
sifier’s per-class error rate (Table 9), which on this
benchmark would propagate at most a few percent-
age points of cross-class misattribute into the boost

factor.

The relevance proxy used to evaluate both methods
is same-class-as-query: a recommended article is
considered relevant if and only if its true class equals
the query’s true class. This is the standard relevance
proxy used by [9, 8] in scholarly recommendation.

Evaluation Metrics

Classification. We report classification accuracy,
weighted-average precision, recall, and F1-score,
per-class metrics, the confusion matrix, and one-
vs-rest ROC curves with per-class AUC. Weighted
averages are reported because the consolidated class
balance is modest but not exact.

Recommendation. We report Precision@k, Mean
Average Precision at k (MAP@k), normalized Dis-
counted Cumulative Gain at k (NDCG@k), and
Mean Reciprocal Rank (MRR), all at k = 10. Let
reli ∈ {0,1} indicate whether the ith retrieved article
is same class as the query. Then

P@k = 1
k ∑

k
i=1 reli, (11)

AP@k = 1
∑

k
i=1 reli

∑
k
i=1 P@i · reli, (12)

NDCG@k = ∑
k
i=1 reli/ log2(i+1)

∑
k
i=1 rel∗i / log2(i+1)

, (13)

RR = 1
rank of first relevant , (14)

where rel∗ is the ideal sort of the relevance list.
MAP@k and MRR are then averaged over all
queries. Recall is computed but not reported as
a headline metric, since each class has thousands
of relevant candidates for k = 10, and the metric is
therefore dominated by the relevance pool size rather
than by ranker quality.

Results and discussions

Experimental Setup

All experiments are implemented in Python on the
open-source scientific computing stack (scikit-learn,
NLTK, NumPy, pandas). The 11,744 abstracts are
partitioned by an 80/20 stratified split on class label
using a fixed random seed, yielding a training set of
9,395 abstracts and a held-out test set of 2,349 ab-
stracts. The TF-IDF vectorization and all classifiers
are fitted only to the training partition; the fitted vo-
cabulary and learned parameters are then applied to
the held-out partition. To reduce the variance of the
hold-out estimate, stratified k-fold cross-validation
with k=10 is additionally run on the full training
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TABLE 5. LOGISTIC REGRESSION (GRID-SEARCHED C)
PERFORMANCE ON THE 2,349-ABSTRACT HELD-OUT TEST

SET.

Metric Score
Accuracy 85.01%
Precision (weighted avg.) 0.850
Recall (weighted avg.) 0.850
F1-score (weighted avg.) 0.850
Macro-F1 0.839
Best C (5-fold inner CV) 5.0
Inner CV accuracy at best C 84.08%

corpus, and the mean test accuracy across folds is re-
ported alongside the hold-out result, in keeping with
the standard convention in the text-classification lit-
erature. All experiments were run on a single work-
station with an Intel Core i7 CPU and 16 GB of
RAM; no GPU was used at any stage.

Reproducibility

The full source code, per-class abstract files, fit-
ted TF-IDF vocabulary, trained model artifacts, and
a pinned dependency manifest are released at the
repository given in the title page footnote. The
release includes one notebook for the classifica-
tion pipeline (cleaning, hold-out evaluation, 10-fold
cross-validation, grid search, and the soft-voting en-
semble) and one notebook for the top k recommen-
dation evaluation, both fixing the same random seed
for the train/test split and for every stochastic learner
so that the reported numbers can be reproduced bit-
exactly on the released library versions.

Classification: Headline Performance

Table 5 reports the test-set performance of Logistic
Regression with grid-searched regularization on the
2,349 held-out abstracts.

The confusion matrix on the held-out test set is
shown in Fig. 3. The matrix exhibits pronounced di-
agonal dominance: 703/800 for Big Data & Cloud
Computing, 215/349 for Data Science, 337/400 for
Robotics, 348/400 for Wireless, and 394/400 for
Breast Cancer, indicating that after class consoli-
dation, the five target domains are well separated
even from abstract text alone. The remaining off-
diagonal mass is concentrated on the boundary be-
tween Data Science and Big Data & Cloud Com-
puting (73+63 = 136 swaps in either direction), re-

Fig. 3. Confusion Matrix Showing Improved Classification
After Class Consolidation

TABLE 6. CROSS-VALIDATION ACCURACY OF LOGISTIC

REGRESSION ON THE FIVE-CLASS BENCHMARK

Setting Accuracy
Hold-out (80/20), tuned C=5.0 85.01%
10-fold cross-validation, C=1.0 83.13%±1.04
Inner 5-fold CV during grid search, best C 84.08%

TABLE 7. FIVE-CLASS CLASSIFICATION ACCURACY UNDER

IDENTICAL ABSTRACT-ONLY TF-IDF FEATURES.

Classifier Hold-out 10-fold CV
k-NN (cosine) 0.7501 0.7486±0.0146
Decision Tree (CART) 0.7825 0.7719±0.0119
LR (C=1.0) 0.8284 0.8313±0.0104
Linear SVM (SVC) 0.8455 0.8323±0.0085
SGD Classifier 0.8565 0.8469±0.0123
LR (tuned C=5.0) 0.8501 —
Soft-voting (LR+SVM+SGD) 0.8557 —

flecting the residual semantic overlap between data-
engineering and data-analytics vocabularies that sur-
vives consolidation; Robotics, Wireless, and Breast
Cancer classes contribute substantially fewer cross-
class errors.

Cross-Validation

Table 6 reports 10-fold stratified cross-validation
accuracy for Logistic Regression alongside the 80/20
hold-out estimate.

Multi-Classifier Comparison

Table 7 and Fig. 4 compare the five classifiers and the
soft-voting ensemble under identical preprocessing
and identical 10-fold cross-validation folds.
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Fig. 4. Accuracy of the five classifiers, the tuned Logistic
Regression (C=5.0), and the soft-voting ensemble on the

five-class benchmark.

TABLE 8. MCNEMAR’S PAIRED SIGNIFICANCE TEST ON

THE 2,349-ARTICLE HELD-OUT PREDICTIONS.

Pair (A vs. B) b c p-value
Tuned LR vs Linear SVM 72 37 0.0011∗∗

Tuned LR vs SGD 24 39 0.0769 n.s.
Tuned LR vs Ensemble 14 21 0.3105 n.s.
Linear SVM vs SGD 46 96 <0.001∗∗∗

Linear SVM vs Ensemble 25 67 <0.001∗∗∗

SGD vs Ensemble 34 26 0.3662 n.s.

Statistical significance of the pairwise differences

Because the absolute hold-out gaps among the
strongest classifiers in Table 7 are small (for exam-
ple, 0.56 pp between tuned Logistic Regression and
the soft-voting ensemble), we conducted McNemar’s
paired significance test on the held-out predictions
to determine which pairwise differences are real and
which fall within sampling noise. Table 8 reports the
six pairwise comparisons among the four headline
classifiers (tuned Logistic Regression, Linear SVM,
SGD, and the soft-voting ensemble).

Three findings emerge. First, the three top clas-
sifiers (tuned Logistic Regression, SGD, and the
soft-voting ensemble) are pairwise indistinguishable
at the 0.05 significance level: the 0.56 pp gap be-
tween tuned LR and the ensemble has p=0.3105,
the 0.64 pp gap between SGD and the ensemble has
p=0.3662, and the gap between tuned LR and SGD
has p=0.0769. The ensemble’s apparent edge in Ta-
ble 7 is therefore not a statistically reliable improve-
ment over its strongest constituent. Second, Linear
SVM is significantly worse than each of the other
three headline classifiers (p≤0.001 in all three pairs),
confirming that the SVM gap in Table 7 reflects a
genuine performance difference rather than test-set
variance. Third, the choice of Logistic Regression as
the headline classifier (Section ) is not compromised

TABLE 9. PER-CLASS METRICS FOR THE TUNED LOGISTIC

REGRESSION (C=5.0) ON THE HELD-OUT 2,349-ABSTRACT

TEST SET.

Class Prec. Rec. F1 Support
0 Big Data & Cloud Computing 0.874 0.879 0.877 800
1 Data Science 0.620 0.616 0.618 349
2 Robotics 0.887 0.843 0.864 400
3 Wireless 0.841 0.870 0.855 400
4 Breast Cancer 0.975 0.985 0.980 400
Macro avg. 0.839 0.838 0.839 2,349
Weighted avg. 0.850 0.850 0.850 2,349

Fig. 5. One-vs-rest ROC curves for Logistic Regression on the
2,349-abstract test set, with per-class AUC. The dashed

diagonal marks chance performance.

by SGD’s slightly higher 10-fold cross-validation
accuracy: the two are statistically equivalent on the
held-out test set (p=0.0769), and LR additionally
provides the calibrated probabilities required by the
re-ranker (Equation 9).

Per-Class Analysis and ROC

Table 9 reports per-class precision, recall, and F1-
score for the headline Logistic Regression classifier
on the held-out test set, and Fig. 5 shows the cor-
responding one-vs-rest ROC curves with per-class
AUC.

Recommendation Results

Table 10 reports the top-10 recommendation perfor-
mance of the two ranking strategies described in
Section , evaluated over all 2,349 held-out queries
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TABLE 10. TOP-10 RECOMMENDATION PERFORMANCE

OVER 2,349 HELD-OUT QUERIES AGAINST 9,395
TRAINING-POOL CANDIDATES.

Metric Cosine LR-reranked ∆

Precision@10 0.6467 0.7715 +0.1248
MAP@10 0.7664 0.8428 +0.0764
NDCG@10 0.8525 0.8902 +0.0377
MRR 0.8502 0.8871 +0.0369

Fig. 6. Top-10 recommendation comparison: pure cosine
similarity vs. Logistic-Regression-probability re-ranking.

against the 9,395-abstract training pool.

The LR-probability re-ranking improves all four re-
ported IR metrics over pure cosine similarity. The
largest effect is on Precision@10 (+12.5 percentage
points, from 0.6467 to 0.7715), confirming the de-
sign intuition that calibrated probabilistic classifier
outputs can serve as an effective re-ranking signal
in scholarly retrieval. MAP@10 improves by +7.6
points (from 0.7664 to 0.8428), indicating that the
gain is not concentrated at a single rank position,
but is consistent across the top of the ranked list.
NDCG@10 (+3.8 points) and MRR (+3.7 points)
show smaller absolute lifts because both metrics are
already near-saturated by the cosine baseline (MRR
≈ 0.85 corresponds to recovering the first relevant
article at rank ∼ 1.17 on average), leaving less head-
room for improvement at the very top of the list.
The pattern of a large Precision@10 lift, a moder-
ate MAP lift, and small NDCG and MRR lifts is
consistent with the mechanism analyzed in Section :
classifier-aware re-ranking predominantly cleans up
cross-class neighbors that ranked in the middle of
the top-10 under pure cosine.

The recommendation comparison is visualized in
Fig. 6.

TABLE 11. PER-CLASS TOP-10 RECOMMENDATION

PERFORMANCE STRATIFIED BY QUERY CLASS.

Precision@10 MAP@10
Query Class Cos. LR-r. Cos. LR-r. n
Big Data & Cloud Computing 0.6170 0.7590 0.7890 0.8677 800
Data Science 0.3708 0.4917 0.5475 0.6180 349
Robotics 0.6562 0.7805 0.7637 0.8310 400
Wireless Communication 0.6565 0.8225 0.7331 0.8568 400
Breast Cancer 0.9275 0.9807 0.9485 0.9868 400
Aggregate 0.6467 0.7715 0.7664 0.8428 2,349

Per-class recommendation metrics

Because the consolidated class 0 (Big Data & Cloud
Computing) holds 4,000 training candidates and the
smallest class (Data Science) holds only 1,744, a
reasonable concern is that the aggregate gains in
Table 10 could be driven entirely by the dominant
class. Table 11 addresses this by stratifying both
ranking strategies by the query’s true class.

The lift from LR-reranking is consistent across all
five domains. On Precision@10 the per-class gains
range from +12.09 pp (Data Science, the smallest
and hardest class) to +16.60 pp (Wireless Commu-
nication); the dominant Big Data & Cloud Comput-
ing class shows +14.20 pp, only slightly above the
+12.48 pp aggregate. The smallest gain, +5.32 pp
on Breast Cancer, reflects saturation rather than re-
ranker weakness: pure cosine already returns Preci-
sion@10 = 0.9275 for that class because the biomed-
ical vocabulary is essentially disjoint from the four
computing and engineering classes, leaving little
headroom. The aggregate gain in Table 10 therefore
reflects a genuine across-the-board improvement,
not an inflation driven by relevance-pool size.

Comparison with Prior Work

Table 12 positions the proposed system against the
two most directly comparable prior content-based
studies for classification, and against Sakib and Ah-
mad [8] and Sugiyama and Kan [15] for recommen-
dation. Direct head-to-head comparison is not possi-
ble because the corpora and label cardinalates differ.
The table is provided as orientation rather than as an
improvement claim.

The classification headline sits well above Bulut et
al. (small 600 article corpus, 71.0%) and Rahman
et al. (very large multi-label arXiv corpus, 69.0%),
consistent with our positioning of the dataset as a
controlled mid-sized single-label benchmark with
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TABLE 12. COMPARISON WITH EXISTING SCHOLARLY CLASSIFICATION AND RECOMMENDATION METHODS

Study Method Corpus / Setup Headline Result
Classification
Bulut et al. [9] (2018) TF-IDF + cosine similarity 600 articles from a single digital library 71.0% accuracy
Kim & Gil [21] (2019) TF-IDF + LDA cluster labeling FGCS journal corpus spanning 20 years Cluster coherence

(no accuracy re-
ported)

Rahman et al. [10] (2025) TF-IDF + Logistic Regression compared
with S-BERT, USE, and Mirror-BERT

Multi-label arXiv corpus across multiple do-
mains

69.0% accuracy
(TF-IDF + LR
best)

This work (classification) Abstract-only TF-IDF + Logistic Re-
gression

IEEE Xplore, 5 domains, 11,744 abstracts 85.01% accu-
racy

This work (ensemble) Soft-voting ensemble (LR + SVM +
SGD)

Same setup as above 85.57% accu-
racy

Recommendation (Top-k)
Sugiyama & Kan [15] (2015) Citation-context collaborative filtering DBLP/ACM scholar recommendation bench-

mark
MAP@10 ≈ 0.38

Bhagavatula et al. [12] (2018) Neural vector-space citation recommen-
dation

PubMed and DBLP citation-context corpora +18% F1@20,
+22% MRR
over keyword
baselines

Sakib & Ahmad [8] (2020) Two-level citation similarity model Citation-context recommendation corpus MAP@10 ≈ 0.45
Cohan et al. [22] (2020) SPECTER citation-aware embeddings SciDocs nearest-neighbor benchmark Recall@5 ≈ 0.84
This work (cosine) Abstract-only TF-IDF + cosine similar-

ity
IEEE Xplore, 5 domains, 11,744 abstracts MAP@10 =

0.7664
This work (LR-reranked) Cosine retrieval + LR probability re-

ranking
Same setup as above MAP@10 =

0.8428

rigorous abstract-only preprocessing. The recom-
mendation headline (MAP@10 = 0.84 under LR
re-ranking) is in the strong-system range relative
to the classical citation-based collaborative filtering
baselines of Sugiyama and Kan [15] (MAP@10 ≈
0.38) and Sakib and Ahmad [8] (MAP@10 ≈ 0.45);
SPECTER [22] reports Recall@5 ≈ 0.84 on a dif-
ferent (SciDocs) benchmark, which is not directly
comparable to our Precision@10 numbers but docu-
ments that an embedding-based retriever and a TF-
IDF retriever can both reach ∼ 0.8 headline retrieval
scores under their respective relevance proxies. We
emphasize that all of these comparisons are across
different corpora and label/relevance regimes. The
table is positioned as an orientation, not as a head-
to-head improvement claim.

Discussion

Error Analysis

The post-consolidation confusion matrix in Fig. 3
shows that the principal remaining source of error
is the boundary between Data Science and Big Data
& Cloud Computing (73 Data Science articles pre-
dicted as Big Data & Cloud Computing, and 63 Big
Data & Cloud Computing articles predicted as Data
Science). This 136-article symmetric exchange ex-

plains the comparatively low per-class F1 of 0.618
for Data Science (Table 9); the smaller absolute sup-
port of the Data Science class (349 test articles vs.
800 for Big Data & Cloud Computing) further ampli-
fies its precision-recall sensitivity. Abstracts in this
region share substantial high-frequency vocabulary
(e.g., distributed, scalable, analytics, platform, deep
learning) that is poorly discriminated even by the TF-
IDF representation, and which would be similarly
poorly discriminated by any abstract-level bag-of-
words model. The biomedical class (Breast Cancer)
is essentially separable from all four computing and
engineering classes (per-class F1 = 0.980, 394/400
correct), consistent with TF-IDF’s known strength
when class vocabularies are nearly disjoint.

Why Classifier-Aware Re-Ranking Helps

The +12.5-point Precision@10 gain from LR-
reranking (Section ) is consistent with the following
mechanism. Pure cosine similarity over a sparse
high-dimensional TF-IDF representation often re-
trieves articles that share many individual terms with
the query but belong to a different class. For exam-
ple, a Robotics abstract that mentions “signal pro-
cessing” may have a high cosine similarity with a
Wireless query. The classifier’s learned class prob-
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abilities encode a joint signal across many terms
simultaneously, and multiplying the cosine score
by the query’s class probability for the candidate’s
class effectively penalizes cross-class neighbors that
share surface vocabulary but differ in topic. The fact
that NDCG@10 and MRR show smaller absolute
lifts is consistent with this explanation: the cosine
baseline already recovers the most-similar relevant
article at rank 1.17 on average, so the headroom for
improvement is concentrated in the middle and tail
of the top-10 list, which Precision@10 measures
most directly.

Practical Deployment Considerations

The classifier and recommender developed in this
paper have been deliberately designed with practical
deployment in mind. Inference latency is dominated
by a single sparse matrix-vector product (classifier)
plus a sparse matrix dot product over the corpus (rec-
ommender), which together remain bounded at a few
milliseconds per query on commodity hardware. The
classifier’s output is a calibrated probability distribu-
tion, which means a downstream ranking module can
use the probabilities directly as a soft prior over can-
didate articles. Because the entire pipeline ingests
only the abstract field, it imposes no requirement on
the host digital library to expose author keywords,
indexer-supplied terms, or other curated metadata,
making it portable to repositories with incomplete
metadata coverage. The pipeline is small enough to
fit on a commodity CPU and requires no GPU or
external API dependency.

Threats to Validity

Construct validity. The benchmark labels are as-
signed by the source query rather than by manual
annotation. The class consolidation in Section is
itself a mitigation of the principal construct-validity
issue we observed.

Internal validity. All five classifiers and both ranking
strategies are evaluated under identical preprocess-
ing and identical folds; classifier-to-classifier and
ranker-to-ranker comparisons are therefore fair. Hy-
perparameter were not tuned for the ranking strate-
gies, only for the headline Logistic Regression clas-
sifier.

External validity. The corpus is drawn from a sin-
gle source (IEEE Xplore) and five pre-selected (and
partially consolidated) domains. Generalization to

other digital libraries (ACM, Springer, arXiv) is not
demonstrated and is left to future work. Likewise,
this study deliberately operates only on the abstract
text; whether incorporating titles, author keywords,
or indexer-supplied terms (where available) would
yield further performance gains on this benchmark
remains an open question that we leave for future
ablation work.

Limitations

1. Static dataset. The benchmark is a snapshot col-
lected at a single point in time; the model is not
equipped to track temporal vocabulary drift in
any of the five domains.

2. Closed-world classifier. The model is forced to
assign each abstract to one of the five domains;
an open-set extension that flags out-of-domain
abstracts is needed before deployment in a real
digital library.

3. Same-class-as-query relevance proxy. The rec-
ommendation evaluation defines relevance as a
topical-class match, which is the standard for
scholarly recommendation, but is coarser than
human relevance judgments would be.

4. No personalization. The recommender is content-
based only; it does not model individual re-
searcher profiles or reading histories.

5. Abstract-only input. The pipeline uses no meta-
data other than the abstract. This is by de-
sign; it removes any dependence on author or
indexer-supplied annotations and makes the sys-
tem portable across repositories, but it means we
do not measure the potential incremental value of
those fields on this benchmark.

Conclusion and Future Work

This paper has presented a controlled benchmark
study of content-based scholarly article classification
and top-k recommendation on a new 11,744-abstract
five-domain corpus collected from IEEE Xplore. A
confusion-matrix analysis revealed that two of the
original six queries (Big Data Analysis and Cloud
Computing) exhibit near-complete vocabulary col-
lapse in this retrieval space; we consolidated them
into a single combined class and reported all sub-
sequent results on the resulting five-domain bench-
mark. A TF-IDF representation built directly from
cleaned abstracts, combined with a seven-stage pre-
processing pipeline including corpus-specific stop-
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words, was used to drive both a five-classifier com-
parison and a top-10 recommendation evaluation.
Notably, no metadata other than the abstract is sup-
plied to any stage of the pipeline, so the reported
numbers are the performance attainable from ab-
stract text alone.

For classification, Logistic Regression with grid-
searched regularization (C=5.0) achieved 85.01%
accuracy on the 2,349-abstract held-out test set
(weighted F1 = 0.850, macro F1 = 0.839), with the
strongest individual 10-fold cross-validation result
obtained by the SGD classifier (84.69%±1.23); a
soft-voting ensemble of LR + SVM + SGD reached
85.57% on hold-out (weighted F1 = 0.855). The
two linear classifiers and the SGD learner substan-
tially outperformed the tree and instance-based base-
lines (Decision Tree 77.19% and k-NN 74.86% on
10-fold CV), consistent with established results in
high-dimensional sparse TF-IDF text classification.
For recommendation, pure cosine similarity over the
same TF-IDF representation reached MAP@10 =
0.7664 and MRR = 0.8502, and re-ranking the co-
sine results by the Logistic Regression’s calibrated
class probabilities improved Precision@10 by +12.5
percentage points (to 0.7715) and MAP@10 by +7.6
points (to 0.8428), with smaller but consistent gains
on NDCG@10 and MRR.

Summary of Findings

We summarize the empirical findings against the
research questions of Section .

RQ1 (linear separability under query-based labeling,
from abstract text alone): the six original queries
do not yield linearly separable classes from abstract
text; two of them (BDA, Cloud) exhibit symmetric
vocabulary collapse and must be consolidated before
useful classification is possible.

RQ2 (classical-classifier rank order under consoli-
dation): linear classifiers (Logistic Regression and
SVM) substantially outperform distance-based and
tree-based methods on the five-domain abstract-only
benchmark, in line with established results on high-
dimensional TF-IDF text classification [26].

RQ3 (classifier probabilities as a re-ranking signal):
yes, clearly. Re-ranking by Logistic Regression’s
calibrated probabilities improves Precision@10 by
+12.5 points and MAP@10 by +7.6 points over pure
cosine similarity.

RQ4 (comparison with contemporary baselines): the
classification headline of 85.01% (tuned LR) and
85.57% (soft-voting ensemble) is well above Bu-
lut et al. [9] (smaller 600-article corpus, 71.0%)
and Rahman et al. [10] (much larger arXiv multi-
label corpus, 69.0%); the recommendation head-
line (MAP@10 = 0.8428 under LR re-ranking) is
well above the classical CF baselines of Sugiyama
and Kan (MAP@10 ≈ 0.38) and Sakib and Ahmad
(MAP@10 ≈ 0.45) on their corpora [15, 8]. We do
not claim direct head-to-head improvement because
the corpora and label relevance regimes differ.

Future Work

Three lines of future work follow naturally from
this benchmark. First, an ablation study that quanti-
fies the individual contribution of each preprocessing
stage (case normalization, special-character removal,
digit removal, stop-word removal, short-token re-
moval, lemmatization, and the corpus-specific stop-
word extension) to both classification and recommen-
dation performance, together with a complementary
ablation that adds back the optional metadata fields
(title, author keywords, indexer terms) where avail-
able to quantify their incremental value. Second, an
extension of the classifier comparison to ensemble
methods (Random Forest, Gradient Boosted Trees)
and modern neural sentence embeddings (Sentence-
BERT, SPECTER), with a paired McNemar’s test
over identical folds to quantify the significance of
any observed differences. Third, an extension of the
recommendation module to a hybrid configuration
that linearly combines the classifier-aware content
score (Equation 9) with a citation-graph random-
walk score, evaluated against full hybrid baselines
such as [19, 20].

The benchmark dataset and all code are released at
the URL given in the title-page footnote, support-
ing the reproducibility of these and other follow-on
studies.

Broader Impact

A reliable, computationally light, abstract-only clas-
sifier and recommender for scholarly articles has
direct practical value for institutions and digital li-
braries that cannot afford GPU-based recommender
infrastructure or one that cannot rely on uniformly
populated metadata fields across its corpus. Because
the proposed pipeline is reproducible on a commod-
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ity workstation in approximately fifteen minutes
and ingests only the abstract text, it lowers the bar-
rier for smaller research groups to deploy domain-
specific indexing and recommendation systems. The
released benchmark, preprocessing pipeline, and
trained model artifacts together are intended as a
starting point for such deployments rather than as an
end in themselves.

Mathematical Notation and Detailed Classifier
Formulations

This appendix provides the formal definitions of
the four supervised classifiers other than Logistic
Regression, which is fully specified in Section .

Linear SVM with Class Balancing

For each class pair (p,q) ∈ C ×C , the one-vs-one
binary subproblem solves

min
wpq,bpq,ξ

1
2
∥wpq∥2

2 +C̃∑
i

wbal
yi

ξi (15)

subject to yi(w⊤
pqxi + bpq) ≥ 1 − ξi and ξi ≥ 0.

Class probabilities are recovered by Platt scaling
PSVM(y=c | x) = σ

(
A fc(x)+B

)
with A, B fitted on

a held-out fold during training.

SGD Classifier with Modified-Huber Loss

The modified-Huber loss for a single binary sub-
problem with target y ∈ {−1,+1} and linear score
f (x) = w⊤x is

ℓMH(y, f ) =

{
max

(
0, 1− y f

)2
, y f ≥−1,

−4y f , y f <−1,
(16)

which is quadratically smooth near the margin, en-
abling post-hoc probability calibration, and switches
to a linear penalty beyond. Weights are updated by
stochastic gradient descent with class-balanced sam-
ple weights wbal

yi
and an inverse-scaling learning-rate

schedule, run for 2,000 epochs.

k-Nearest neighbors (Cosine, k=5)

Because all TF-IDF vectors are ℓ2-
normalized, the cosine distance reduces to
dcos(x,x′) = 1 − x⊤x′. The neighborhood
N5(x) = argmin|S|=5 ∑ j∈S dcos(x,x j) contributes
votes weighted by inverse distance:

hkNN(x) = argmax
c∈C

∑
(x j,y j)∈N5(x)

1[y j=c]
dcos(x, x j)+ ε

,

(17)

with ε a small constant preventing division by zero
on identical neighbors.

Decision Tree (CART) with Weighted Gini

At any node t with sample set Dt , the class-
weighted proportion πt,c = νt,c / ∑c′∈C νt,c′ uses
νt,c = ∑(xi,yi)∈Dt wbal

yi
1[yi=c]. The weighted Gini

impurity and the optimal split on feature j at thresh-
old τ are

G(Dt) = 1− ∑
c∈C

π
2
t,c, (18)

( j⋆,τ⋆) = argmin
j,τ

[
|DL

t |
|Dt | G(DL

t )+
|DR

t |
|Dt | G(DR

t )
]
,

(19)

with DL
t = {(x,y) ∈ Dt : x j ≤ τ} and DR

t = Dt \
DL

t . Splitting continues until each leaf is pure (no
maximum depth).
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