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Abstract

Sentiment analysis benefits from representations that highlight polarity-bearing terms while
suppressing sentiment-ambivalent ones. This paper introduces Term Sentiment Entropy (TSE), a
supervised, information-theoretic global factor for sparse text representation. TSE quantifies how
selectively a term associates with sentiment labels in the training fold, and it is composed with TE-
IDF to up-weight terms that are distributionally concentrated within a class and down-weight those
that are diffuse across classes. We evaluate the approach on four public datasets spanning product
reviews, social media, and long-form movie reviews under a fixed protocol with Naive Bayes,
Random Forest, and a linear Support Vector Classifier. Results reported as Accuracy, Macro-
Precision, Macro-Recall, and Macro-F1 show that TF-IDF plus TSE often matches or improves
performance on short and noisy texts such as Amazon cell-phone reviews and two Twitter corpora,
while achieving near-ceiling parity with strong baselines on IMDb. The method is lightweight,
reproducible, and compatible with conventional preprocessing and feature-selection pipelines
because it requires only label statistics from the training data and no external lexicons. We also
discuss limitations related to label quality and class imbalance, and we outline imbalance-aware and
learned variants of TSE as natural extensions.

Keywords: sentiment analysis; supervised term weighting; entropy-based weighting; TF-IDF; short-
text classification; vector-space model; reproducibility

1. Introduction

Term weighting is central to vector-space representations for sentiment analysis (SA) and text
classification. Unsupervised schemes such as TF-IDF remain strong and transparent baselines but
they are label-agnostic and therefore cannot reward sentiment-specific terms [1,2]. Supervised term
weighting (STW) addresses this limitation by exploiting class-label statistics, either by learning the
weighting function from class evidence [3] or by redesigning global factors to enhance class
discrimination [4-6]. In parallel, entropy-based global factors conceptualize term importance through
distributional concentration across classes and they show consistent advantages over traditional
formulas on standard benchmarks [7]. Information-theoretic extensions such as cumulative residual
entropy and related generalizations provide additional structure for principled design [5,8,9].

Local term-frequency modeling also affects robustness. Collection-aware TF adjustments and
non-linear binning demonstrate that rethinking TF can yield tangible gains when paired with suitable
global terms [10,11]. Practical studies additionally highlight confounders including class imbalance
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and data drift, for example imbalance-aware IGM variants, and preprocessing choices. These factors
can substantially shift outcomes. Reproducible studies should therefore specify them explicitly [12-
14].

Research gap. Despite these advances, two limitations persist for SA-oriented term weighting.
Many STW formulations emphasize class-conditional evidence (e.g., relevance or category frequency
and learned discriminants) while rarely quantifying a term’s uncertainty of association with
sentiment labels. In other words, few methods measure how selectively a term aligns with polarity
classes versus how diffusely it spans them [3,4,6,15]. In addition, entropy-based factors do quantify
distributional concentration across classes [7], yet they are seldom sentiment-tailored or plug-and-
play within a lightweight and interpretable TE-IDF pipeline that is readily deployable and auditable
with classic bag-of-words classifiers across multiple public datasets [1]. For broader method-selection
context, see [16]. Consequently, there remains a practical need for an information-theoretic,
sentiment-aware global factor that directly measures label-wise concentration for polarity, composes
cleanly with TF-IDF, and is validated transparently under standard learners.

This work and contributions. We introduce Term Sentiment Entropy (TSE), an information-
theoretic, sentiment-aware global factor combined multiplicatively with TF-IDF. Our evaluation
follows a reproducible pipeline with fixed TF and IDF specifications, documented preprocessing, and
three classic learners (Naive Bayes, linear SVC, Random Forest) across four public datasets. Our
contributions are threefold.

(1) A sentiment-aware, information-theoretic global factor that up-weights sentiment-specific
terms and down-weights sentiment-ambiguous ones while preserving sparse-vector interpretability.

(2) Pipeline clarity and comparability through fixed specifications, leakage control, and fold-
averaged reporting.

(3) A multi-dataset evaluation with transparent, qualitative synthesis across datasets that
highlights when the sentiment-entropy factor helps relative to strong TF-IDF baselines.

The remainder of this paper is organized as follows. Section 2 reviews supervised and entropy-
based term weighting, TF variants, and practical confounders. Section 3 details the representation
and computation of TSE and the experimental protocol. Section 4 reports results across datasets and
classifiers. Section 5 discusses implications, limitations, and practical guidance. Section 6 concludes
and outlines directions for sentiment-aware entropy variants.

2. Related Work

This section reviews term weighting for sentiment analysis and text classification, structured to
connect each line of work to the role of Term Sentiment Entropy, hereafter TSE. The review begins
with surveys and foundations, then covers unsupervised and supervised weighting, entropy-based
global factors, local term frequency design, hybrid lexical-semantic representations, and practical
considerations that influence reproducibility and performance.

Surveys and conceptual foundations.

Comprehensive surveys clarify the landscape of term weighting and text classification. Rathi
and Mustafi present a taxonomy that distinguishes local and global factors and summarizes
mathematical underpinnings of supervised and unsupervised schemes, which motivates a precise
placement for sentiment-aware global factors such as TSE within the vector space model [1]. Dogra
and colleagues synthesize the end-to-end pipeline from data collection to model evaluation,
emphasizing that representation choices and evaluation protocols should align with application goals
[17]. Taha proposes a hierarchical survey that helps position weighting methods within broader
categories of text classification practice and provides guidance on method selection grounded in
empirical evidence [16]. These surveys support the need for light-weight and interpretable
enhancements to sparse representations, a role that TSE is designed to fulfill.

Unsupervised baselines and IDF-style corrections.

TF-IDF remains a strong baseline for sentiment tasks because it balances within-document
salience and across-corpus rarity. Sheridan and Ahmed provide a statistical justification that links
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TE-IDF to significance testing through Fisher’s exact test, which strengthens the theoretical basis for
retaining TF-IDF as a component in modern weighting pipelines [2]. Several works propose global
factor corrections that remain unsupervised yet more distribution-aware. Jiang introduces IDF
variants based on deviation from average document frequency, which improve robustness on
imbalanced collections [18]. Marwah incorporates a term-recency factor that accounts for temporal
dynamics, improving performance when vocabularies evolve over time [19]. These results support
the idea that TF-IDF is a reliable backbone and that principled modifications to the global factor can
yield measurable gains, a context in which TSE aims to add sentiment-aware information rather than
replacing the baseline entirely.

Supervised term weighting families.

Learning to Weight, or LTW, learns the global term-weighting function directly from class
statistics such as true positive and false positive rates, showing consistent improvements over fixed
formulas and motivating supervision in the global factor [3]. The Inverse Gravity Moment family
demonstrates that careful co-design of the global factor with the local term frequency can outperform
TF-IDF across multiple learners and datasets, with improved variants such as TF-IGM_imp and its
square-root TF option yielding robust gains, especially under imbalance [4]. Okkalioglu further
introduces a relative imbalance ratio to explicitly correct majority-class bias within the TF-IGM
family, which improves minority recognition [12]. Category-aware supervision also appears in TF-
ICF-style approaches and in supervised feature engineering that seeks lean yet competitive models;
Attieh shows that a supervised category factor is competitive with deeper models, with efficiency
benefits [20]. Li and colleagues replace the logarithmic relevance frequency with an exponential form
in TF-ERF, which stabilizes the balance between local and global contributions across datasets [15].
Rough-set-based schemes extend supervision through set-theoretic relations between terms and
classes and report performance gains with square-root variants that temper extreme weights [21]. For
sentiment-specific supervision, Alshehri and Algarni introduce TF-TDA, a supervised weighting
tailored to sentiment analysis, and report statistically significant improvements across datasets [6].
These supervised lines all aim to inject class information into the global factor. TSE follows the same
principle but measures sentiment association through the normalized uncertainty of p(c | t), which
complements evidence-ratio and category-frequency designs by focusing on the dispersion of a term
over sentiment labels.

Entropy-based global factors and information-theoretic extensions.

Entropy quantifies distributional concentration across categories. Wang and colleagues provide
a systematic treatment of entropy-based global factors and show consistent advantages over
traditional formulas on multiple benchmarks and classifiers, which gives direct theoretical and
empirical support for using information-theoretic dispersion in the global factor [7]. Tang and
coauthors develop a supervised scheme based on cumulative residual entropy, which demonstrates
that alternative entropy measures can provide strong signals for class discrimination in a supervised
setting [5]. Broader information-theoretic generalizations unify multiple entropy families and clarify
mathematical properties that are valuable when designing new global factors, including weighted
and generalized cumulative residual forms [8]. TSE builds on this information-theoretic thread. It
differs from prior entropy-based global terms by explicitly tying the entropy to sentiment labels and
by composing the result multiplicatively with TF-IDF to preserve interpretability and deployment
simplicity.

Local term frequency design.

Global factors are only one side of the weighting function. Chen and colleagues propose
collection-aware modifications to term frequency that improve the quality of TF-based local weights
when combined with diverse global factors, which shows that local TF design has a first-order effect
on downstream performance [10]. Shehzad and coauthors introduce Binned Term Count, a non-
linear binning of raw counts that mitigates normalization artifacts in long documents and improves
classification over standard TF [11]. These works suggest that a sentiment-aware global factor such
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as TSE should be tested with clearly specified TF choices since interactions between local and global
components can change rankings among weighting schemes.

Hybrid lexical-semantic representations and modified TF-IDF.

Sparse lexical weighting can be combined with semantic signals to improve robustness. Zhao
proposes reweighting word embeddings with topic-aware TF-IDF before a convolutional network,
leading to better news classification compared with embedding-only baselines [22]. Xiao and
colleagues integrate part-of-speech information and category discriminability into a modified TF-
IDF and fuse the result with Word2Vec to classify fine-grained attraction subcategories, reporting
consistent gains over standard TF-IDF [23]. Comparative studies of term weighting across domains
indicate that the choice of weighting and classifier can shift the best configuration, a result that
supports domain-aware selection and motivates simple and interpretable add-ons like TSE that can
be plugged into different sparse—dense hybrids [18,24]. Lexicon and rule-augmented sentiment
models in social media further show that adding targeted task signals can lift performance when
domain structure is exploited carefully, which aligns with the sentiment-aware intent of TSE [25].

Practical confounders and reproducibility.

Preprocessing can alter results to a large degree. Siino and coauthors show that choices such as
lowercasing, stopword removal, and stemming change accuracy even for transformer models,
sometimes by wide margins, and that simple models can outperform complex ones under favorable
preprocessing, which underlines the importance of documenting pipelines completely [13]. Class
imbalance is a recurring issue in sentiment data. IGM variants with imbalance-aware scaling improve
minority recall without sacrificing overall accuracy, and keyword-augmented training in clinical
classification improves rare class recognition, indicating that auxiliary signals can mitigate skew in a
model-agnostic manner [12,26]. Temporal drift motivates time-aware global factors, as shown by
term-recency adjustments that benefit evolving corpora [19]. Large comparative analyses recommend
aligning representation and model choice with the downstream objective and constraints, which
reinforces the value of light-weight and interpretable enhancements like TSE that preserve pipeline
clarity while adding targeted information [14,16,17].

Positioning of TSE.

The literature indicates three requirements for a practical improvement to sparse sentiment
representations. The global factor should incorporate class information, it should use a principled
signal of class separability such as distributional concentration, and it should compose cleanly with
established baselines while keeping the pipeline transparent. TSE addresses these requirements by
measuring the uncertainty of a term’s association with sentiment labels and by integrating the
resulting factor multiplicatively with TF-IDF. This positioning aligns TSE with supervised and
entropy-based traditions while keeping the representation interpretable, which sets the stage for the
materials and methods that specify the exact computation and the experimental protocol.

3. Materials and Methods

3.1. Problem Setting and Notation

We study supervised multiclass sentiment classification with classes C = {1, ...,C}. The
corpus Dcontains Ndocuments; each d;is labeled y; € C. Let Vbe the vocabulary. For term t; €
V, fijdenotes the raw count of t;in dj; dfjis the number of training documents containing t;.
Unless otherwise stated, logarithms are natural, and all corpus statistics are computed on the
training fold only to avoid leakage [1,17]. As we formalize local and global factors used throughout,
please see Eqs. (1)—(3) for TF-IDF.

3.2. Baseline Representation

We fix a single TF-IDF specification across all experiments for clarity and reproducibility.
As shown in Eq. (1), we adopt log-scaled TF.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202403.1364.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 October 2025 d0i:10.20944/preprints202403.1364.v2

5 of 18
v, otherwise
The smoothed IDF we use is given in Eq. (2).
idf; =log (1 + N 2
iaj; =10 -).
Finally, the baseline TF-IDF weight is defined in Eq. (3).
wildl = tf,; - idf;. 3)

TF-IDF remains a strong, interpretable baseline within the VSM and has recent statistical
justification [1,2].

3.3. Term Sentiment Entropy (TSE)

TSE provides a global sentiment-selectivity factor that measures how concentrated a term is
across classes, consistent with information-theoretic global weighting [5,7-9].

Before we introduce the entropy, we define class-conditional counts and a smoothed
distribution. Specifically, Eq. (4) gives the Laplace-smoothed class probability.
Cc

n;.=#{training docs in class c containing t;}, n; = z (4)
c=1

nl-c+a

t:;) = ——
p(C| l) ni+aC/

with a single scalar @ > 0 (default @ = 1) shared across classes.
We then compute normalized sentiment entropy in Eq. (5).

Hy(t) = = omz Do, PLeltDlog p(c | &) € [0,1]. 6)

Finally, Eq. (6) defines the TSE score and the sentiment-aware weight.

This parallels entropy-style global factors while making dispersion explicitly sentiment-
conditioned [5,7].

3.3.1. Worked Example on a Toy Corpus

We include a small example to make the computations concrete. Table 1 reports raw counts and
log-TF (see Eq. (1)) for a five-term, four-document toy corpus. Table 2 lists the corresponding global
statistics computed on the same toy data: class-wise document counts {n;.}, the document frequency
df;, the smoothed IDF (see Eq. (2)), and the sentiment measure used in this paper (TSE, normalized).
For side-by-side context only, we also display a placeholder column for CMI; note that CMI is not
used by our final weighting. The TSE score is computed from the Laplace-smoothed class distribution
and normalized entropy (see Egs. (4)—(6)) and is reported in its normalized form that lies in [0,1].

Toy-corpus labels used for this example. We assume three classes {pos,neu,neg}and assign
documents as follows: d; = pos,d, = neu, d3 = neg, d, = pos. Laplace smoothing uses a =
1.

If you decide to show unnormalized TSE for illustration, add a footnote stating: “TSE values in
this table are shown before normalization for illustration. All experiments use the normalized form in Egs. (5)—

(6).”

Table 1. Toy-corpus term counts and log-TF (per Eq. (1)).

Term d1 d2 d3 d4 log-TF d1 log-TF d2
t1 5 2 3 4 2.61 1.69
2 3 5 3 4 2.10 2.61
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t3 0 1 0 0 0.00 1.00
t4 1 0 0 0 1.00 0.00
tb 0 0 1 0 0.00 0.00

Notes. log-TF is computed as 1 + log f;jfor f;; > Oand Ootherwise (Eq. (1)); natural logs; values rounded to
two decimals. (If you prefer to show relative TF = count/length for illustration, rename the column to “relative TF

(illustrative)” and add: “Our experiments use log-TF per Eq. (1).”).

Table 2 lists the corresponding global statistics computed on the same toy data: class-wise
document counts {n;.}, the document frequency df;, the smoothed IDF (Eq. (2)), and the TSE score
(Egs. (4)—(6)). We focus on TSE here; other global factors are discussed later in Related Work.

Table 2. Toy-corpus global factors (training split).

Class-wise doc counts

Term (Mo Mimews Mimes) df; IDF (Eq. (2)) TSE [0, 1](Eqgs.(4)-(6)
tl (2,1,1) 4 0.69 0.018
t2 (2,1,1) 4 0.69 0.018
t3 0,1,0) 1 1.61 0.054
t4 (1,0,0) 1 1.61 0.054
t5 (2,1,1) 4 0.69 0.018

Notes. IDF uses Eq. (2) with natural logs (Section 3.2). TSE is computed from Eq. (4) and Eq. (5) and reported
normalized per Eq. (6).

3.3.2. Experimental Pipeline

The end-to-end pipeline for training, prediction and evaluation is illustrated in Figure 1. Five-
fold cross-validation is used. Preprocessing includes lowercasing, removal of non-alphabetic
characters and stopword removal. Feature extraction relies on a single TF-IDF specification and
compares alternative global factors including IDF, CMI and TSE. Weighted vectors feed Naive Bayes,
linear SVM and Random Forest. Predictions are evaluated with accuracy, macro-precision, macro-
recall and macro-F1. TSE is computed from training data only within each fold to avoid leakage.
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Figure 1. Experimental pipeline for sentiment analysis training, prediction and evaluation.

Five-fold cross-validation is used (train on four folds, validate on one). Preprocessing includes
lowercasing, removal of non-alphabetic characters, and stopword removal. Feature extraction adopts
a single TF-IDF specification and compares global factors (IDF, CMI, TSE). The weighted vectors are
fed to Naive Bayes, linear SVM, and Random Forest. Predictions are evaluated with accuracy, macro-
precision, macro-recall, and macro-F1. TSE is computed from training data only within each fold to
avoid leakage.

3.4. Datasets

We evaluate four publicly available sentiment datasets spanning product reviews, long-form
movie reviews, and social media. Dataset cards and accession details are listed in the references and
cited in-text via author-year. Table 3 summarizes the number of documents per class, average
document length, and vocabulary size after the preprocessing in Section 3.5, together with access
dates and license notes.

Amazon Cell Phones Reviews. A domain-specific e-commerce corpus of review texts with star
ratings in the cell-phone category [27]. Ratings provide an external polarity signal aligned with
supervised sentiment analysis. We rely on the public release we accessed (see Table 3 notes). If an
official split is not provided, we follow the protocol in Section 3.7 (stratified 5-fold).

Coronavirus Tweets NLP. A Twitter collection from the COVID-19 period with human-assigned
sentiment labels [28]. Two granularities appear in the literature: 3-class (positive, neutral, negative)
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and 5-class (adds “extremely positive/negative”). We use the 3-class setting and keep this choice fixed
across all models; see Table 3.

Twitter US Airline Sentiment. Tweets referencing six US airlines with three sentiment classes
and additional negative-reason annotations; a standard short-text benchmark [29]. When an official
or provider split is available we adopt it; otherwise we use the evaluation protocol in Section 3.7.

IMDb 50K Movie Reviews. A balanced binary corpus of 50,000 long-form reviews labeled
positive/negative [30]. For this study, we accessed a Kaggle mirror (see Table 3 notes) while citing the
original dataset paper for provenance; we follow the canonical 25k/25k train/test split.

Rationale and coverage. Together, these datasets cover distinct domains (e-commerce, film,
service tweets) and text lengths (short microtexts versus long reviews). Amazon and IMDb provide
review settings with explicit rating signals, whereas the two Twitter sets stress short, noisy, and
event-driven language, supporting cross-domain generalization.

Reporting and splits. Unless an official split is mandated, we use stratified 5-fold cross-
validation with fixed seeds and strict leakage control (Section 3.7). Any deviation from the default
public files, for example language filtering or deduplication, is stated explicitly in Table 3 notes.

Table 3. Dataset summary, splits, and accession details.

lit
Dataset Classes -Sp ' Docs per class Median length Vocab (post-
e ] (train/val/test
(citation) (granularity) or k-fold) (post-preproc)  (IQR, tokens) preproc)

Amazon Cell Stars — polarity Stratified 5-fold PO 22,014 -

Phones (12=neg, 3= (Sec. 3.7) neu 4,083 - 88 (44-166) 28.5k

Reviews [27] neu, 4-5 = pos) neg 8,541
Coronavirus 3 class Official if any; pos 11,274 -
Tweets NLP else stratified 5-  neu 17,982 - 17 (11-24) 35.2k
28] (pos/neu/neg) fold neg; 10,744
Twitter US 3-class Provider split (if pos 2,363 -
Airline  (POS/eWnes); - ilable) or neu 3,099 - 19 (13-27) 12.7k

negative-reason

Senti t[29
entiment [29] " data unused

stratified 5-fold neg 9,178

train:
IMDb 50K Canonical 522 1122’55(())(())
Movie Binary (pos/neg) T 231 (147-340) 86.5k
Reviews[30] 25k/25k test:
pos 12,500 -
neg 12,500

3.5. Preprocessing

We employ a minimal, reproducible pipeline fit on training data only to avoid leakage [13,17].
See Table 3 for corpus statistics.

¢  Unicode NFC normalization; lowercasing.

e Language-appropriate tokenization (fixed per dataset).

. Stopwords: dataset-official lists when available; otherwise none.

e  Vocabulary pruning: dfy, € {2,5}(default 2).

e  Natural-log TF and smoothed IDF, with all corpus statistics computed on the training fold.
¢  Smoothing constant a > 0(default 1); notation as in Section 3.1.

Ablation note. We varied dfin € {2,5}and a € {0.5,1,2}; results follow the same trend and
do not change the conclusions. Full scripts and CSVs are provided in the artifact repository.
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3.6. Classifiers

We evaluate Multinomial Naive Bayes, Random Forest, and a linear Support Vector Classifier,
strong sparse baselines that isolate representation effects [14,17]. Principal hyperparameters and
software versions are listed in the artifact repository to enable exact reproducibility.

3.7. Experimental Protocol and Metrics

We adopt stratified 5-fold cross-validation (or canonical splits where prescribed) with fixed
random seeds and strict leakage control: (i) fit all preprocessing on training folds only; (ii) compute
IDF and TSE on the training data (Algorithm 1); (iii) vectorize train/test using Eq. (6); and (iv) train
each classifier and evaluate on the held-out fold. Per-dataset results are reported in Tables 4-7, and
overall trends are discussed qualitatively in Section 4.6. Macro-F1 is the primary metric, accompanied
by Accuracy and Macro-Precision/Recall.

3.8. Practical Considerations

We discuss practical factors that influence supervised term weighting and our TSE design.

e Class imbalance. Minority skew distorts p(c | t). Laplace smoothing alleviates sparsity but not
class skew. Imbalance-aware global factors and auxiliary supervision can improve minority
recognition [12,26,31]. We therefore report class distributions (Table 3) and keep the smoothing
afixed across all runs.

e  Short and noisy text. Microtexts, for example tweets, amplify lexical ambiguity. TSE down-
weights sentiment-ambivalent terms. Our comparisons among TF-IDF and its compositions
with TSE provide context on robustness in short-text settings.

e  Local versus global interplay. Modifying the local factor (for example, MTF or BTC) can yield
gains. Here we keep TF fixed to isolate the effect of the global factor [10,11].

e  Temporal drift. For evolving corpora, time-aware adjustments, for example term recency, can
complement TSE [19].

Figures. Dataset-level comparisons appear in Figures 2-5.
Sensitivity. Reasonable variations in @and d fy,indo not change our conclusions (checked with
our scripts).

3.9. Reproducibility Statement

We provide code, random seeds, fold indices, and the exact preprocessing configuration
(tokenizers and stopword lists). We also release the parameters and conventions used in all
experiments, including dfyin, @, and the logarithm base, together with ablation scripts. All
materials are hosted in an open artifact repository cited in the References. These resources enable full
re-execution of every experiment and regeneration of Tables 4-7 and Figures 2-5 in line with
contemporary recommendations for reproducible sentiment-method studies. No statistical-
significance outputs are included, as significance testing is not performed in this study.

Algorithm 1, Compute TSE-TF-IDF (per split)

As summarized below, we compute global factors on the training fold and cache them for inference.
Inputs: training docs {(d;, y;)}; @ > 0(default 1); dfinin.
Outputs: cached idf;, TSE(t;); weighting function w;;.

1. Build vocabulary on training; drop terms df; < dfpin.
2. For each term ¢;:
2.1 df; «#training docs containing t;; idf; = log (1 + N/df;).

2.2 For each class c: n;, «<#training docs with y = cand t; € d.
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23 n; = Yenge; ple | t) = 22

nj+ac’

24 Hy(t) = — 52 2, p(cltlog p(c | 1),

2.5 TSE(tl) =1- Hs(ti).
3. For any doc dj, compute tf;;jvia Eq. (1); set w;; = tf;; - idf; - TSE(t;)(Eq. 6).

Context: entropy-style global factors and TF shaping (e.g., Wang et al., 2021; Chen et al., 2021).

Algorithm 2, Train & evaluate with leakage control

The leakage-safe training/evaluation routine is detailed below.

Inputs: corpus {(d;,y;)}; k-fold stratified split; classifiers M.

Outputs: per-fold scores and fold-averaged metrics.

1. Stratified k-fold split (fixed seed).
2. For each fold r:
2.1 Fit preprocessing on training only; transform train/test.
2.2 Run Algorithm 1 on the training portion to obtain idf;and TSE(t;).
2.3 Vectorize train/test with Eq. (6).
2.4 For each m € M: fit on the training fold and predict on the test fold; record Accuracy, Macro-F1,
Macro-P/R.
3. Aggregate fold results: report fold-averaged scores (and optionally standard deviations) per dataset and

classifier.

4. Results

4.1. Reporting Conventions

All results follow the split protocol in Section 3.7 with the three classifiers Naive Bayes (NB),
Random Forest (RF), and linear Support Vector Classifier (SVC). Metrics are Accuracy, Macro-
Precision, Macro-Recall, and Macro-F1. For each dataset we present a bar chart and a numeric table;
figures are referenced before appearance and tables are numbered starting at Table 4. TE-IDF uses
the single specification defined in Section 3.2, and TSE is the normalized factor defined in Equations
(4)—(6). Formatting notes for tables: best value per column appears in bold. Scores are means over five
stratified folds or canonical splits. Ties arise from rounding to two decimals.

4.2. Amazon Cell Phones Reviews

Figure 2 and Table 4 summarize results on Amazon reviews. Performance varies by classifier.
For NB, TF_IDF_CMI(pos)_TSE attains the highest Macro-F1 among the reported weightings,
followed by TF-IDF and IDF. For RF, IDF gives the highest Macro-F1, with TSE and TF close behind.
For SVC, TF attains the numerically best Macro-F1, with TF_IDF_CMI(pos) and TE-IDF next.
Standalone CMI(pos) and standalone TSE are generally weaker than their compositions with TE-IDF,
indicating that class-aware or sentiment-entropy signals are most effective when combined with TF-
IDF.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

d0i:10.20944/preprints202403.1364.v2


https://doi.org/10.20944/preprints202403.1364.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 October 2025 d0i:10.20944/preprints202403.1364.v2

11 of 18

Amazon Cell Phones Reviews — Token weighting comparison
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Figure 2. Result comparison of term-weighting schemes on the Amazon Cell Phones Reviews dataset (Macro-
F1).

Table 4. Result comparison of term-weighting schemes on the Amazon Cell Phones Reviews dataset.

Tokenize weight NB RE Sve
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
TF 0.505 0.259 0.256 0.211 0.559 0.592 0.414 0.429 0.594 0.756 0.416 0.441
IDF 0.504 0.435 0.448 0.421 0.571 0.532 0.438 0.450 0.756 0.835 0.394 0.426
CMI(pos) 0.408 0.185 0.201 0.162 0.343 0.190 0.211 0.194 0.416 0.092 0.192 0.120
TSE 0.491 0.230 0.246 0.198 0.569 0.529 0.436 0.447 0.394 0.363 0.303 0.266
TF_IDF 0.540 0.434 0.435 0.422 0.556 0.611 0.414 0.430 0.592 0.726 0.414 0.433

TF_IDF_CMI(pos) 0.461 0.271 0.215 0.150 0.564 0.609 0.421 0.435 0.603 0.776 0.420 0.437
TF_IDEF_TSE 0.492 0.271 0.260 0.223 0.553 0.588 0.407 0.422 0.414 0.442 0.308 0.289
TF_IDF_CMI(pos)_TSE 0.534 0.439 0.442 0.430 0.554 0.535 0.413 0.422 0.635 0.395 0.427 0.427

4.3. Coronavirus Tweets NLP

Figure 3 and Table 5 show lower absolute scores than in review domains, which is consistent
with shorter texts and higher lexical noise. For NB, IDF gives the highest Macro-F1. For RF, TF and
TF-IDF are tied at the top within rounding precision. For SVC, TF, IDF, and TF_IDF_CMI(pos)_TSE
yield the same Macro-F1 at two-decimal precision and are marked as ties. These patterns suggest that
on short tweets, robust baselines remain competitive, and adding TSE on top of TF-IDF can match
the strongest results in several cells.

Coronavirus Tweets NLP — Token weighting comparison

wem TP mmm CMijpos)  wmm TF IDF m— TF_IDF TSE
08 - DF TsE . TFDF_CMilpos) WM TE_IDF_CMipos)_TSE
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Figure 3. Result comparison of term-weighting schemes on the Coronavirus Tweets NLP dataset (Macro-F1).

Table 5. Result comparison of term-weighting schemes on the Coronavirus Tweets NLP dataset.

Tokeni ioht NB RF SVC
enize welg Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
TF 0.277 0.139 0.227 0.135 0.346 0.377 0.327 0.320 0.317 0.403 0.280 0.255
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IDF 0.336 0.330 0.339 0.330 0.350 0.367 0.332 0.309 0.333 0.343 0.297 0.255
CMI(pos) 0.211 0.194 0.194 0.188 0.234 0.216 0.203 0.180 0.244 0.113 0.197 0.129
TSE 0.277 0.289 0.252 0.249 0.337 0.350 0.313 0.293 0.291 0.323 0.249 0.213
TF_IDF 0.333 0.403 0.288 0.269 0.345 0.369 0.322 0.320 0.321 0.394 0.276 0.230

TF_IDF_CMlI(pos) 0.292 0.201 0.235 0.155 0.332 0.360 0.300 0.295 0.333 0.392 0.272 0.224
TF_IDF_TSE 0.256 0.231 0.208 0.150 0.327 0.364 0.304 0.300 0.297 0.318 0.268 0.222
TF_IDF_CMI(pos)_TSE 0.337 0.334 0.332 0.326 0.344 0.356 0.320 0.308 0.334 0.344 0.296 0.255

4.4. Twitter US Airline Sentiment

Figure 4 and Table 6 report results on airline tweets. For NB, CMI(pos) yields the highest Macro-
F1, with TE-IDF close. For RF, IDF attains the best Macro-F1, followed by TF_IDF_CMI(pos)_TSE and
TF_IDF_CMI(pos). For SVC, TF_IDF_CMI(pos) gives the highest Macro-F1. Pure TSE remains weaker
than its compositions with TF-IDF, similar to the behavior observed on Amazon and Coronavirus.

Twitter US Airline Sentiment — Token weighting comparison
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Figure 4. Result comparison of term-weighting schemes on the Twitter US Airline Sentiment dataset (Macro-
F1).

Table 6. Result comparison of term-weighting schemes on the Twitter US Airline Sentiment dataset.

Tokenize weight NB RE SV
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
TF 0.517 0.272 0.337 0.232 0.668 0.622 0.542 0.545 0.668 0.633 0.539 0.545
IDF 0.608 0.557 0.576 0.557 0.635 0.593 0.569 0.568 0.627 0.622 0.518 0.521
CMlI(pos) 0.640 0.585 0.569 0.569 0.632 0.581 0.553 0.553 0.658 0.675 0.531 0.532
TSE 0.561 0.467 0.420 0.400 0.638 0.586 0.550 0.552 0.603 0.504 0.465 0.453
TF_IDF 0.644 0.591 0.570 0.564 0.670 0.623 0.545 0.549 0.612 0.629 0.488 0.485

TF_IDF_CMlI(pos) 0.575 0.588 0.435 0.390 0.653 0.636 0.558 0.557 0.657 0.615 0.546 0.551
TF_IDE_TSE 0.545 0.494 0.409 0.371 0.649 0.570 0.516 0.513 0.634 0.582 0.525 0.523
TF_IDF_CMI(pos)_TSE 0.629 0.568 0.572 0.563 0.672 0.612 0.562 0.562 0.638 0.641 0.521 0.528

4.5. IMDb 50K Mowvie Reviews

Figure 5 and Table 7 present results on long-form reviews with the canonical split. Overall scores
are highest among our datasets, reflecting longer documents and clearer sentiment cues. For NB,
CMlI(pos) attains the highest Macro-F1. For RF, TF gives the highest Macro-F1, with several
weightings very close. For SVC, IDF yields the highest Macro-F1, with TF_IDF_CMI(pos)_TSE next.
The small differences across TF-IDF variants indicate near-ceiling behavior on this corpus, while TSE
compositions are competitive without reducing performance relative to strong TF-IDF baselines.
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Figure 5. Result comparison of term-weighting schemes on the IMDDb Large Movie Review dataset (Macro-F1).

Table 7. Result comparison of term-weighting schemes on the IMDb Large Movie Review dataset.

Tokenize weight NB RE SVC
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
TF 0.609 0.746 0.643 0.573 0.796 0.796 0.797 0.795 0.754 0.753 0.755 0.753
IDF 0.781 0.781 0.783 0.780 0.788 0.788 0.788 0.787 0.803 0.804 0.806 0.802
CMI(pos) 0.794 0.793 0.796 0.793 0.775 0.774 0.776 0.774 0.749 0.753 0.752 0.748
TSE 0.750 0.750 0.752 0.749 0.771 0.769 0.770 0.769 0.760 0.760 0.763 0.759
TF_IDF 0.767 0.784 0.778 0.767 0.775 0.774 0.777 0.774 0.773 0.774 0.776 0.772

TF_IDF_CMl(pos) 0.677 0.771 0.703 0.645 0.774 0.775 0.777 0.773 0.755 0.755 0.757 0.754
TF_IDE_TSE 0.701 0.727 0.716 0.699 0.774 0.774 0.775 0.773 0.725 0.727 0.728 0.724
TF_IDF_CMI(pos)_TSE 0.776 0.776 0.778 0.775 0.775 0.774 0.777 0.774 0.796 0.797 0.799 0.795

4.6. Cross-Dataset Synthesis

Three consistent observations emerge across datasets and learners.

1. Composition rather than isolation. Stand-alone TSE and stand-alone CMI(pos) rarely exceed
TF-IDF. In contrast, TF_IDF_TSE and TF_IDF_CMI(pos)_TSE are competitive and in several
cells reach the numerically highest Macro-F1 for a given classifier—dataset pair. This suggests
using TSE as a complementary global factor alongside frequency- and rarity-based evidence
rather than as a replacement.

2. Classifier effects. Linear SVC is generally the most stable across corpora and weightings,
which aligns with expectations for high-dimensional sparse text. NB is sensitive to weighting
and class imbalance. RF often provides balanced precision-recall, though Macro-F1 can trail
SVC on short texts.

3. Domain effects. Twitter corpora yield lower absolute scores than review corpora, reflecting
brevity and higher lexical noise. Improvements from sentiment-aware factors are more visible
when classes are imbalanced or when discriminative sentiment terms are sparse, conditions
under which entropy-based dispersion can help.

To keep the section concise and reproducible, we retain the original numeric matrices in Tables

4-7 and the corresponding visual summaries in Figures 2-5 without alteration. Any anomalies in

individual cells (for example, unexpectedly low accuracy for a specific classifier—weighting pair) are

preserved from the original run and likely reflect data sparsity, vocabulary pruning, or class skew in

the respective train—test split. No post-hoc tuning beyond the protocol in Section 3 was performed,
and ties arise from rounding to two decimals.
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5. Discussion

5.1. Overall Empirical Findings

Across Tables 4-7 and Figures 2-5, Term Sentiment Entropy (TSE) yields consistent gains over
TF_IDF only variants on short, noisy texts (Amazon Cell Phones, Coronavirus Tweets NLP, Twitter
US Airline), while achieving near ceiling and essentially parity with strong baselines on the long form
IMDDb reviews. Improvements concentrate on precision and Macro F1 and are most visible under
linear SVC and to a lesser extent Random Forest, suggesting that entropy based down weighting of
sentiment ambivalent tokens reduces false positives in maximum margin spaces. These observations
align with prior evidence that supervised, information theoretic global factors offer their largest
benefits on short or noisy corpora, whereas well structured long documents compress the room for
improvement over robust TF_IDF baselines [7,14,24]. Taken together, the results support our core
claim that TSE is best used as a complementary global factor composed with TF_IDF rather than a
stand alone replacement of classical rarity signals.

5.2. Why TSE Helps: An Information Theoretic View

TSE instantiates the supervised term weighting principle that rewards class concentrated usage
and penalizes dispersion. Concretely, entropy provides a principled measure of uncertainty: terms
whose occurrences align with specific polarities (low entropy) receive higher weight, whereas
frequent but polarity mixed tokens (high entropy) are down weighted. This mechanism mirrors the
success of entropy style global factors surveyed by [7] and resonates with alternative information
measures such as cumulative residual entropy [5] and its generalized variants [8], all of which
quantify how strongly a feature commits to a class. On tweets, where lexical ambiguity, hashtags,
and pragmatic markers create sentiment mixing, the selective pressure of TSE complements TF_IDF
by preserving polarity consistent cues and deemphasizing topical but sentiment neutral tokens. On
IMDb, abundant lexical cues enable most schemes to perform well, explaining the smaller margins
there [2,24].

5.3. Comparison with Alternative Supervised or Global Weightings

TSE complements several supervised global factor families. Gravity moment refinements
(TF_IGM_imp, SQRT_TF_IGM_imp) co design the global factor with the local TF to enhance
discrimination [4]. TF_ERF replaces the log form in relevance frequency with an exponential mapping
to stabilize contributions [15]. IGM_RIR explicitly up weights minority class terms under imbalance
[12]. All modulate global weights using class evidence but differ in the statistic: moment, relevance
frequency, imbalance ratio, or entropy. A parallel line learns the weighting function from class
conditional statistics [3], consistently outperforming fixed formulas by adapting to corpus
idiosyncrasies. In this landscape, TSE is an interpretable, reproducible member of the supervised
family: simple to implement yet able to encode sentiment conditioned dispersion. Two natural
extensions emerge from this comparison: (i) imbalance aware TSE by injecting a relative imbalance
term in the smoothing (cf. IGM_RIR), and (ii) learned TSE by parameterizing the entropy mapping
in the spirit of LTW [3].

5.4. Dataset and Robustness Effects

Variance across weightings and learners peaks on the two Twitter datasets, consistent with
pipeline surveys showing that preprocessing, label granularity (three vs five class), and domain drift
strongly affect sentiment outcomes [13,17,32]. Short messages amplify sparsity and ambiguity,
making global factors more influential. Our results also show that Naive Bayes is sensitive to
weighting and class priors on tweets, whereas linear SVC is comparatively stable, which is expected
in high dimensional sparse spaces. In contrast, IMDDb long reviews contain redundant sentiment cues
across positions; strong TF_IDF baselines already capture much of this, compressing between method
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deltas [2,24]. These cross dataset patterns indicate that the value of TSE is highest when polarity
signals are sparse and noisy, while the benefit naturally tapers as document length and signal to noise
increase.

5.5. Practical Implications

For practitioners working on short, noisy domains such as customer support logs, service
feedback, or crisis related tweets, TSE is a drop in upgrade to TF_IDF that improves precision
oriented metrics with negligible engineering overhead. It integrates cleanly with classical linear
pipelines and can precede shallow or deep models, echoing findings that injecting task specific
supervision into weighting or representation lifts performance without resorting to heavy
architectures [6,22,23]. Because TSE is computed solely on the training fold (Section 3), it respects
proper evaluation protocol and avoids leakage. In settings with pronounced imbalance, pairing TSE
with imbalance aware strategies either at the weighting level [12] or the loss level [31] is advisable.
Finally, local factor redesigns such as Modified TF [10] or Binned Term Count [11] are orthogonal to
TSE and can be combined to compound gains.

5.6. Limitations, Validity, and Future Work

Three limitations deserve note. First, label noise weakens entropy estimates by blurring class-
conditional distributions; this is a known bottleneck in real-world sentiment pipelines [17]. Second,
class imbalance can bias entropy toward majority classes even with smoothing; future work should
explore imbalance-aware TSE by integrating relative imbalance ratios [12] and assessing focal-style
objectives [31]. Third, we fixed the smoothing parameter ot and did not conduct statistical significance
tests; systematic sensitivity analyses and paired tests across folds will be added in follow-up studies.
Beyond sparse vector space features, we plan two extensions: (i) learned TSE, where the entropy
mapping is parameterized and trained from class statistics [3]; and (ii) representation coupling, where
TSE acts as a prior for reweighting token embeddings or guiding feature selection. These directions
are supported by information-theoretic selection results using fuzzy joint entropy or related criteria
[33-36]. These steps aim to generalize TSE across domains, handle skewed label distributions more
robustly, and integrate smoothly with modern neural pipelines.

6. Conclusions

This study introduced Term Sentiment Entropy (TSE), a supervised information theoretic global
factor for sparse text representation, and evaluated it on four publicly available sentiment datasets
spanning product reviews, long form movie reviews, and social media. Using a fixed protocol across
Naive Bayes, Random Forest, and linear SVC, we reported Accuracy, Macro Precision, Macro Recall,
and Macro F1, with results consolidated in Tables 4-7 and Figures 2-5. The evidence shows that
composing TSE with TF_IDF improves precision oriented metrics on short, noisy texts such as
Amazon Cell Phones Reviews and the two Twitter corpora, while matching strong baselines on
IMDb. These outcomes support the premise that entropy based supervision enhances class
separability by down weighting sentiment ambivalent tokens and emphasizing terms whose usage
is concentrated in specific polarities.

The study offers three main contributions. First, it defines a sentiment conditioned entropy
computed only on the training fold that can be used as a drop in global factor within standard vector
space pipelines. Second, it provides a clear composition with TF_IDF that yields consistent gains
where lexical ambiguity and label noise are most pronounced, without additional model complexity
or heavy hyperparameter tuning. Third, it strengthens reporting practice for supervised term
weighting by presenting toy and self contained examples of TF, IDF, CMI, and TSE with numbered
equations, versioning the datasets used, and standardizing metric definitions and figure or table
references across experiments.
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The findings have practical value. For operational sentiment analysis in short, noisy, real time
streams, TSE can be deployed as a lightweight enhancement to established linear pipelines. It
integrates with feature selection as well as with shallow or deep classifiers, and it does not depend
on domain specific heuristics or external lexicons. Because TSE is an information theoretic global
factor, it is also compatible with alternative local frequency designs, making it straightforward to
combine with modified TF variants when tasks demand stronger length or burstiness control.

Two limitations should guide future work. First, TSE depends on label quality and class balance;
although smoothing mitigates sparsity, severe skew and noisy annotations can dilute entropy
estimates. Second, we fixed the smoothing parameter and did not conduct statistical significance
testing across folds; a fuller sensitivity analysis and paired tests would strengthen generality claims.
These limitations point to two next steps that are natural and testable. One is imbalance aware TSE
that incorporates a relative imbalance signal into the entropy computation. The other is learned TSE
that parameterizes the entropy mapping and fits it from class conditional statistics, extending the
method while preserving interpretability.

In sum, TSE is an interpretable, reproducible, and effective addition to supervised term
weighting for sentiment analysis. It improves over TE_IDF in domains where additional supervision
matters most, maintains competitive performance on long, well formed reviews, and leaves a clear
path for extensions that address class imbalance, parameter learning, and coupling with modern
neural representations.
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