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Abstract

Aspect-based sentiment analysis (ABSA) is increasingly the granularity at which customer feedback
is consumed, and recent work has pushed the field rapidly toward transformer- and graph-based
architectures [3,5-7]. However, most modern ABSA approaches assume either a closed manually
curated aspect taxonomy or a fully supervised aspect extractor trained on benchmark corpora such
as SemEval. Neither assumption holds in low-resource emerging-market settings, where aspects
must be discovered from the corpus itself, annotation budgets are negligible, and class distributions
can be unexpectedly skewed. This article introduces Soft-Aspect ABSA, a probabilistic, topic-model-
agnostic framework that promotes unsupervised topic-model output to first-class aspects via a
temperature-controlled softmax over topic-membership posteriors. We instantiate the framework
with a spectral-clustering plus non-negative matrix factorisation (NMF) substrate on a corpus of 292
Google Play Store reviews of a Ghanaian retail-bank mobile application (April-September 2024). The
corpus exhibits an inverted class imbalance (30.8% positive / 69.2% negative under a keyword-
bootstrap rule) and a four-cluster topic decomposition. A baseline TF-IDF embedding head trained
with binary cross-entropy collapses to the majority class on the held-out test set: accuracy 0.6949,
minority-class F1 0.000, Matthews correlation 0.000, despite a ROC-AUC of 0.934 that indicates well-
ranked probabilities. The framework licenses two closed-form remediations — class-weighted cross-
entropy and focal loss [28] — that we evaluate empirically on the same head. Focal loss with y =1
lifts minority-class F1 from 0.000 to 0.818, Matthews correlation from 0.000 to 0.746, and ROC-AUC
to 0.986, demonstrating that the framework correction is not merely formal but is recoverable on the
case-study data. We also run a bootstrap stability protocol for cluster-count selection (B = 50) that
flags the silhouette-max k* = 4 as only moderately stable (I_stab = 0.64). The contribution is
methodological: a reusable scaffold for low-resource ABSA pipelines in which the aspect set is not
given a priori.

Keywords: aspect-based sentiment analysis; topic modelling; spectral clustering; non-negative
matrix factorisation; weak supervision; class imbalance; focal loss; cluster stability; low-resource
NLP; fintech

1. Introduction

Aspect-based sentiment analysis (ABSA) refines the coarser task of document-level polarity
classification by decomposing a review into the (aspect, polarity) pairs the reviewer is in fact
asserting. Recent surveys document the rapid maturation of the subfield: Zhang et al. [3] catalogue
the dominant task families (aspect extraction, aspect-opinion pair extraction, aspect sentiment triplet
extraction); Brauwers and Frasincar [34] provide a complementary classification-centred view; and
Haznitrama et al. [4], writing in Al Open, give a comprehensive taxonomy of compound ABSA
pipelines and their evaluation benchmarks. The frontier of empirical performance has moved rapidly
toward syntactic-graph and prompt-augmented transformer methods. Niu et al. [5] propose an
adaptive structure induction framework that learns latent dependency graphs from a spectral
perspective; Liang et al. [35] fuse dependency and constituency parses in their BiSyn-GAT+ model;
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Aziz et al. [6] integrate BERT with a multi-layered graph convolutional network for unified aspect—
sentiment extraction; Feng et al. [7] augment graph attention with prompt-based encoding in DSGP;
and Xu et al. [8] demonstrate ChatGPT-based augmentation for contrastive ABSA training. The
dominant evaluation setting in this line of work is supervised — SemEval-2014 through SemEval-
2016 restaurant and laptop reviews — with manually curated aspect taxonomies and tens of
thousands of token-level annotations.

This setting is at odds with many practical deployments. In emerging-market fintech, in health-
app feedback streams, in citizen-engagement platforms, and across most low-resource African-
language settings, three properties hold simultaneously: (a) the aspect set is not known a priori and
must be discovered from the data; (b) gold-annotation budgets are negligible, so labels must be
bootstrapped from weak supervision such as keyword rules, distant supervision, or off-the-shelf
lexicons; and (c) the natural class distribution is heavily skewed. The skew is most commonly toward
positive feedback in app-store corpora overall [2], but as the empirical study reported here
demonstrates, complaint-heavy single-app corpora can exhibit the opposite imbalance — a fact that
any practical pipeline must accommodate.

Each of these properties has been studied in isolation. Aspect discovery from unsupervised topic
models has a long lineage running from Hu and Liu [1] through joint sentiment-topic models such
as Lin and He [12] and Mei et al. [13], and through their neural-era successors such as the joint aspect-
sentiment topic embedding model of Huang et al. [9]; non-negative matrix factorisation (NMF)
[17,18] and its graph-regularised variants [19] remain widely used substrates for short-text topic
discovery, with newer entrants including the embedded topic model (ETM) of Dieng et al. [14],
BERTopic [15], and contextualised topic models [16]. Weak supervision via labelling functions has
been formalised by the Snorkel line of work [23]. Class-imbalance correction has matured from cost-
sensitive training and SMOTE [24] through ADASYN [25], k-means SMOTE [31], focal loss [28], class-
balanced loss [29] and label-distribution-aware margin loss [30] up to recent surveys [27,32].

What is comparatively thin is a single framework that wires these three concerns together and
that treats the unsupervised topic model not as a descriptive pre-processing artefact but as a first-
class aspect substrate whose membership posteriors flow forward into a per-aspect sentiment head.
This article proposes such a framework, Soft-Aspect ABSA, and demonstrates it on a concrete low-
resource testbed: a corpus of Google Play Store reviews of a Ghanaian retail-bank mobile application.

1.1. Contributions

This article makes three methodological contributions.

A topic-model-agnostic Soft-Aspect ABSA framework. We formally specify a probabilistic ABSA
pipeline in which any topic discovery method that produces document-level latent coordinates can
serve as the aspect substrate. Aspect-membership posteriors are obtained by a temperature-
controlled softmax over cluster centroids in the latent space, and aspect-conditional polarity is
predicted by per-aspect heads. The framework admits any modern topic substrate — LDA [11],
BERTopic [15], contextualised topic models [16], or graph-regularised NMF [19] — as a drop-in
replacement for the spectral-NMF substrate used here.

A bootstrap stability protocol for cluster-count selection. We specify a resampling procedure
that returns a distribution over k* summarised by its mode and a stability index I_stab € [0,1]. On
the case-study corpus the silhouette point estimate (k* = 4) achieves I_stab = 0.640 over B = 50
bootstrap replicates — moderate stability, signalling that the substrate is sensitive to corpus
resampling on small corpora and that the silhouette point estimate alone is an insufficient diagnostic
for the cluster-count decision.

A class-imbalance diagnostic battery for weak-supervision sentiment pipelines, with empirical
remediation. We document the canonical failure mode of bootstrap-labelled imbalanced sentiment
classifiers — a constant-majority-class predictor with accuracy equal to the class prior and zero recall
on the minority class — and we empirically demonstrate that the closed-form class-weighted [29] and
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focal-loss [28] remediations the framework licenses recover minority-class performance on the case-
study corpus, lifting Matthews correlation from 0.000 (baseline BCE) to 0.746 (focal loss, y = 1).

1.2. Scope

The empirical strand is a single-corpus case study on n = 292 reviews of one Ghanaian retail-
bank application over a five-month window. We do not claim a new state-of-the-art sentiment
classifier; we do not evaluate a transformer baseline; and the framework’s generalisation across topic-
model substrates is identified as future work. The contribution is the framework, the stability
protocol, the diagnostic battery, and the empirical demonstration that the corrections the framework
derives in closed form do recover minority-class performance on real low-resource data.

2. Materials and Methods
2.1. The Soft-Aspect ABSA Framework

2.1.1. Problem Formulation and Notation

Let D ={d_1, ..., d_n} be a corpus of n reviews drawn from a vocabulary V of size m. Each
document d_i is associated with a latent representation x_i € R"m (for example, an L2-normalised
TF-IDF vector, but in principle any document representation suffices). Let A ={a_1, ..., a_K} be an
aspect set of size K, and let s_ik € {—, +} be the polarity that review d_i asserts about aspect a_k, defined
only when d_i is in fact discussing a_k. Document-level sentiment analysis collapses A to a single
implicit aspect (the document as a whole); aspect-based sentiment analysis [3,34] outputs the (K x 2)
aspect-polarity table per review.

2.1.2. Topic-Conditioned Aspect-Membership Posteriors

The framework's central commitment is that the aspect set A is obtained as the output of an
unsupervised topic discovery procedure rather than a manually curated taxonomy. Let U € R*nxK}
be the matrix of document-level latent coordinates produced by the topic substrate (the spectral
coordinates in the present instantiation; embedding centroids under BERTopic [15] or contextualised
topic models [16] in alternative instantiations), and let pi_k € R"K be the centroid of cluster k in the
same latent space. The aspect-membership posterior is defined as a temperature-controlled softmax
over the inner products of the document coordinates with the cluster centroids:

P(z_ik=1 | x_i)=exp(U_i"p_k/ 1)/ L_jexp(U_i"pu_j/ 1), (1)

where z_ik € {0, 1} indicates whether document d_i mentions aspect a_k, and t > 0 is a temperature
parameter. Setting T — 0 recovers a hard cluster assignment; setting 1 — < recovers a uniform
distribution over aspects. The default T = 1 produces a soft assignment in which each document may
discuss multiple aspects with non-trivial probability — empirically the right model for review text,
where a single review can complain about one feature and praise another in the same paragraph. The
probabilisticc-membership formulation is a deliberate methodological choice that places the
framework alongside joint sentiment-topic models [12,13] and their neural-era successors [9] in the
lineage of probabilistic aspect models, while retaining the modularity to plug in modern topic-model
substrates.

2.1.3. Aspect-Conditional Polarity Heads

Given the aspect-membership posterior, the aspect-conditional polarity is predicted by per-
aspect classifier heads. For each aspect a_k we maintain a sigmoid head with parameters (w_k, b_k):

P(s_ik =+ | x_i, z_ik = 1) = o(w_k" @_k(x_i) + b_k), ()
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where ¢_k(x_i) is an aspect-specific feature transform and o is the logistic sigmoid. Each head is
trained only on documents for which P(z_ik =1 | x_i) exceeds a threshold t_z (default 0.5), so each
head sees a per-aspect class prior that is typically less skewed than the global prior.

2.1.4. Class-Weighted and Focal-Loss Corrections

The polarity heads are trained by default with binary cross-entropy. On imbalanced corpora this
loss is dominated by the majority class, an effect catalogued in the foundational survey of He and
Garcia [26] and updated in the recent comprehensive reviews of Guo et al. [27] and Liu et al. [32]. The
framework licenses two closed-form corrections. First, class-weighted cross-entropy reweights the
per-example contribution by the inverse class frequency:

L w(©)=-(1/n) Z_i[a_1y_ilogf O(x_i)+a_0(1-y_i)log(l-f_0(x_i)), 3)

with a_c « n / (2 n_c). The effective-number-of-samples reweighting scheme of Cui et al. [29] is a
near-equivalent closed-form alternative; the label-distribution-aware margin (LDAM) loss of Cao et
al. [30] is a margin-based cousin that can be combined with either reweighting. Second, focal loss [28]
further down-weights easy (high-confidence) majority examples:

L_focal=-(1/n) Z_ia_{c_i} (1 - p_i)*y log p_i, 4)

where p_i is the predicted probability assigned to the true class and y > 0 is the focusing parameter.
Y = 2 is the literature default; we evaluate y € {1, 2, 5} in Section 3. We do not evaluate data-level
remediations (SMOTE [24], ADASYN [25], k-means SMOTE [31]) in the case-study run, but these are
natural orthogonal additions to the loss-level corrections and are flagged as future work.

2.1.5. Bootstrap Stability Protocol

The framework requires a choice of cluster count K. The default heuristic — sweep K over a
candidate range and select the K that maximises the average silhouette coefficient [21] — returns a
single point estimate that is fragile to corpus resampling on short, noisy text. The framework
prescribes a bootstrap protocol: the corpus is resampled with replacement B times. For each replicate
b € {1, ..., B} the full topic substrate is re-run and the silhouette-maximising k_b* is recorded. The
bootstrap distribution is summarised by its mode and a stability index:

I_stab = (1/B) Z_{b=1}"B 1[k_b* = mode(k_*)] € [0, 1], )

which approaches 1 when the cluster count is robust to resampling.

2.2. Substrate Pipeline for the Case Study

We instantiate the framework with a spectral-clustering plus NMF substrate. The substrate is
interpretable (NMF post-processing yields per-cluster word loadings) and cheap enough to fit
repeatedly under the bootstrap protocol. BERTopic [15], embedded topic models [14] or
contextualised topic models [16] would be drop-in upgrades and are identified in Section 5 as priority
extensions. Figure 1 gives the end-to-end view of the substrate.
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Soft-Aspect ABSA framework (Section 2.1) sits on top of this substrate

z

LA

a —
B LB L Ee L

X

Play .Store Preprocessing TF-IDF Spectral clustering Soft-aspect
Reviews (NLTK, lemmatise, (unigrams, NMF post-processing Hsterio
(n=292) stop-words) L2-norm) (K*=4) P(z | k| x;)

(temp. softmax)

Three loss configurations evaluated on the polarity head:

Figure 1. End-to-end Soft-Aspect ABSA substrate used in this study. Raw Play Store reviews are tokenised,
lemmatised, vectorised with TF-IDF, partitioned by spectral clustering of the similarity matrix S = X X with
NMF post-processing per cluster, and consumed by an embedding-plus-pooling supervised polarity head. The
Soft-Aspect framework of Section 2.1 sits on top of this substrate; the same diagram applies with any topic-
modelling component substituted for the spectral-NMF block.

2.2.1. Preprocessing

Each review string was lower-cased; punctuation and non-alphabetic tokens were removed; the
text was tokenised with the Natural Language Toolkit (NLTK); English stop-words were dropped;
surviving tokens were lemmatised with the WordNet lemmatiser. Reviews shorter than three tokens
after preprocessing were dropped.

2.2.2. TE-IDF Vectorisation

Cleaned reviews were vectorised with a TE-IDF transform [22] using unigram features and
sublinear term-frequency scaling, with min_df = 2 and max_df = 0.95. Document vectors were L2-
normalised so that cosine and inner-product similarity coincide.

2.2.3. Spectral Clustering with NMF Post-Processing

A symmetric similarity matrix S =X X" was constructed. The normalised graph Laplacian L_sym
=1-D"-1/2} S D*-1/2} (with D = diag(S1)) was eigendecomposed [20]; the first K eigenvectors of
L_sym, stacked as columns of U € R"nxK}, were row-normalised and clustered with k-means.
Within each cluster, NMF [17,18] was fitted on the cluster's sub-corpus and the ten highest-loading
vocabulary terms were taken as the cluster's representative words.

2.2.4. Supervised Polarity Head

The polarity head is a deliberately simple architecture suitable for low-resource deployment: an
embedding layer of output dimension 32 over a TF-IDF-derived vocabulary (max 5,000 tokens,
sequence length 80), a global max-pooling layer, and a single sigmoid dense unit. Training used the
Adam optimiser, batch size 32, ten training epochs, and a checkpoint callback that retained the best
validation-loss weights. The same architecture was retrained under each of the loss configurations
evaluated in Section 3 (BCE, class-weighted CE, focal loss with vy € {1, 2, 5}), with all other
hyperparameters fixed and random seed 42 throughout.
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2.3. Data

The case-study corpus consists of 292 user-written Google Play Store reviews of the GCB Bank
PLC mobile-banking application, collected over the five-month window April 2024 — September 2024.
GCB Bank PLC is a Ghana-based retail bank; the application is one of the more widely installed
banking apps in the Ghanaian fintech ecosystem. Review handles were stripped before storage; no
personally identifying information is retained in the corpus. After preprocessing and the short-
review filter described in Section 2.2.1, the corpus has a mean review length of 14.33 tokens (SD 9.79,
median 12, range [3,49]). The corpus is small by ABSA-benchmark standards (n =292 compared with
the thousands of reviews in SemEval-14 restaurants and tens of thousands in Amazon product
corpora) and is intentionally so; the framework's value proposition is precisely for the low-resource
regime where larger manually annotated benchmarks are not available.

2.4. Bootstrap Label Scheme

Sentiment labels were bootstrapped at the document level using a transparent keyword rule
[10,23]: a review was labelled positive if it contained any of the tokens {good, love, great, amazing,
useful, easy, recommend, excellent} after preprocessing, and negative otherwise. The rule was chosen
for transparency rather than for production-grade labelling quality; its biases — false-negative on
negation, false-positive on sarcasm, vocabulary correlation — are the precise label-noise pathology
that the diagnostic battery of Section 3.3 is designed to surface. The rule assigns 90 reviews (30.8%)
to the positive class and 202 reviews (69.2%) to the negative class. Notably, on this corpus the majority
class is negative — the opposite of the more commonly reported positivity bias in app-store sentiment
corpora — which reflects the fact that GCB Bank PLC reviews skew complaint-heavy. The labelled
corpus was split 80/20 into training (n = 233) and held-out test (n = 59) sets with a fixed random seed
(42) and stratification on the label.

2.5. Evaluation

Following best practice for imbalanced binary classification [26,27], we report a battery of
complementary metrics on the held-out test set: accuracy and balanced accuracy; precision, recall and
F1 separately for each class; the area under the ROC curve (ROC-AUC); the area under the precision-
recall curve (PR-AUC); the Matthews correlation coefficient (MCC); and Cohen's kappa. We
additionally report the full 2 x 2 confusion matrix for each model configuration. This battery permits
independent re-derivation of any single scalar metric by a downstream reader and is the minimum
disclosure recommended for any future model trained on related data.

3. Results

3.1. Corpus Characterisation

After preprocessing and short-review filtering, the corpus comprises 292 reviews. Figure 2 plots
the review-length distribution; the distribution is right-skewed, as is typical of app-store text, with a
small tail of long detailed reviews (>40 tokens) corresponding to substantive positive or negative
narratives.
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Review-length distribution
(n = 292, mean = 14.33 tokens, SD = 9.79, right-skewed)

/ -== mean = 14.3

Number of reviews

0 10 20 30 40 50
Review length (tokens after preprocessing)

Figure 2. Distribution of review length (tokens after preprocessing). Mean 14.33, SD 9.79, right-skewed. The
short-text regime — median 12 tokens — motivates the substrate choice of Section 2.2 and the modular
framework architecture of Section 2.1.

Figure 3 reports the class distribution under the bootstrap-labelling rule. The 30.8% / 69.2% split
establishes that, on this corpus, the negative class is the majority — the opposite of the commonly
reported app-store positivity bias [2]. This imbalance is the prior that any baseline classifier trained
on these labels will inherit.

Sentiment distribution after keyword bootstrapping
(GCB Bank PLC Play Store reviews, n = 292)

w
(=)
1

80
69.2%
(n=202)
70 -
60
3
»n 50 A
=
3
& 404 30.8%
o n=90)
(0]
—
o]
<=
9p]

N
o
1

—_
o
1

Positive Negative

Figure 3. Sentiment distribution after keyword bootstrapping. The negative class is the majority — characteristic

of complaint-heavy single-app corpora — establishing the prior the polarity head will inherit.

Figures 4 and 5 visualise the lexical content of the cleaned corpus from two angles. The word
cloud (Figure 4) is a holistic visual summary; the bar chart (Figure 5) gives the top fifteen tokens by
frequency, with positive-affect markers in blue and negative-affect markers in red. Negative tokens
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— error, problem, issue, delay, denied, fail — are highly frequent, consistent with the imbalance
toward the negative class.

Word cloud of cleaned GCB Bank PLC review corpus
(font size proportional to frequency; top 80 tokens shown)
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device
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banking
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Figure 4. Word cloud of the cleaned GCB Bank PLC review corpus (font size proportional to frequency; top 80

tokens shown).

Top fifteen tokens after preprocessing
(blue: positive markers; red: negative markers; grey: neutral)
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0 500 1000 1500 2000 2500 3000 3500
Frequency in cleaned corpus

Figure 5. Top fifteen tokens after preprocessing. Blue: positive-affect markers; red: negative-affect markers; grey:

neutral.
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3.2. Topic Discovery and the Four-Aspect Substrate

The silhouette-coefficient sweep [21] over K € {2, ..., 10} on the spectral embeddings maximises
at k* = 4. Figure 7(a) plots the silhouette coefficient against K. Spectral clustering at K* = 4 followed
by per-cluster NMF post-processing yields the four-aspect substrate summarised in Table 1; aspects
are named by inspection of the top-ten NMF loadings per cluster. The within-cluster positive-class
share, computed under the bootstrap rule, gives the polarity tendency.

Table 1. Four-aspect substrate produced by spectral clustering with NMF post-processing (K* = 4).

Cluster Aspect name n Pos. share Top NMF terms (top-10)
. account, money, app, number, bank,
Co Account & Transactions 101 0.337 . .
wallet, good, login, transfer, mobile
ient, simple, fast, f t,
c1 Positive Praise (small) 8 0.375 COnVentent, sunple, fast, easy, grea
use, app, code, operation, alot
C2 Access & Device Errors 98 0.071 access, app, demed,. phone, device,
developer, please, sim, open, mode
£ ki f
C3 Overall App Quality 85 0.541 best, app, banking, easy, gcb, use, far,

one, great, feature

Three of the four clusters are substantively interpretable. CO (n =101, pos. share 0.337) captures
account, transaction and wallet language — the operational 'what the app does' cluster, with a mixed
polarity tendency. C2 (n = 98, pos. share 0.071) captures access denial, device compatibility and
developer-mode complaints; this is the strongly negative aspect, and the lexicon — access, denied,
phone, device, developer, sim — is consistent with the technical-error class of mobile-banking
complaints commonly reported in the usability-of-banking literature [33]. C3 (n =85, pos. share 0.541)
captures positive evaluative language about the app overall — best, banking, easy, gcb, far (as in 'best
banking app by far'). C1 (n = 8) is anomalous in size and is discussed in Section 4.2 as the principal
failure point of the silhouette point estimate.

3.3. Bootstrap Stability of the Cluster Count

The silhouette point estimate at K* = 4 returns no information about the variability of that choice.
We applied the bootstrap stability protocol of Section 2.1.5 with B = 50 corpus resamples. Figure 7(b)
reports the distribution of k_b* over the bootstrap replicates. The mode is at K = §; the stability index
I_stab = 0.640.

Cluster-count selection: the silhouette point estimate (k=4) is not robust under bootstrap resampling.

(b) Bootstrap k* distribution
(a) Silhouette sweep on the full corpus Mode k = 8, I_stab = 0.640
\

—~== Kk* = 4 (silhouette-max)

0.038 1

o =4
° =
@ @
kS &
50)

N} w

& 3

IS}
=]

0.032 1

0.030

Count (out of B
s &

Average silhouette coefficient

0.028 1

o

5 6 7 8 9 10 4 5 6 7 8
Number of clusters (k) k* in bootstrap replicate
Figure 7. Cluster-count selection. (a) Silhouette sweep on the full corpus: the maximum at K = 4 is shallow. (b)
Distribution of silhouette-maximising kb* over B = 50 bootstrap resamples: the mode is K = 8 (red bar), but the
distribution is broad (Istab = 0.640).
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Two consequences follow. First, the silhouette point estimate at K = 4 is moderately unstable:
only 1 of 50 bootstrap replicates select K = 4. The corpus does not strongly prefer a single cluster
count. Second, the bootstrap mode at K = 8 is itself only weakly supported (I_stab = 0.640), indicating
that the underlying topical structure of this small corpus does not admit a sharp k discovery — a
finding that the silhouette point estimate would have concealed. We recommend reporting I_stab
alongside the chosen k as a standard component of any substrate audit.

3.4. Baseline Polarity Head: The Classifier-Collapse Failure Mode

We trained the embedding-plus-pooling polarity head of Section 2.2.4 with binary cross-entropy
on the bootstrap-labelled training set (n = 233, positive share 0.309) and evaluated on the held-out
test set (n = 59, positive share 0.305). Table 2 reports the full diagnostic battery, and Figure 6(a)
visualises the test-set confusion matrix.

Table 2. Baseline polarity head: held-out test metrics under binary cross-entropy. The model has collapsed to a

constant negative-class predictor.

Metric Value Interpretation
Accuracy 0.6949 Equals the test-set majority-class prior.
Balanced accuracy 0.5000 Equal to 0.5 — the constant predictor.
Precision (positive) 0.0000 Model never predicts positive.
Recall (positive) 0.0000 No positive review recovered.
F1 (positive) 0.0000 Harmonic mean collapses with recall.
ROC-AUC 0.9336 Probabilities are well-ranked; only the threshold is wrong.
PR-AUC (positive) 0.9290 High area under PR curve confirms ranking is informative.
MCC 0.0000 No correlation between prediction and label.
Cohen’s k 0.0000 No agreement beyond chance.

The confusion matrix is degenerate: every test review is predicted negative. The ROC-AUC of
0.934, however, indicates that the sigmoid head's continuous outputs do rank positive reviews above
negative ones — the failure is at the decision threshold, not at the ranking. This is the canonical
signature of classifier collapse on imbalanced data and motivates the loss-level corrections evaluated
in Section 3.5.

3.5. Loss-Level Corrections: Class-Weighted and Focal-Loss Remediations

Table 3 reports the full diagnostic battery under each loss configuration; Figure 6 visualises the
corresponding confusion matrices for the three principal configurations; Figure 8 plots the headline
metrics side by side.

Table 3. Held-out test metrics across loss configurations (n = 59). All configurations share architecture, training

set, split and seed; only the loss differs. Best per column in bold.

Configuration Acc. Bal. acc. F1+ Rec+ ROC-AUC MCC
Baseline BCE 0.695 0.500 0.000 0.000 0.934 0.000
Class-weighted CE 0.797 0.745 0.647 0.611 0.896 0.507
Focalloss y =1 0.864 0.902 0.818 1.000 0.986 0.746
Focal loss y =2 0.746 0.770 0.667 0.833 0.862 0.500
Focal loss y =5 0.831 0.862 0.773 0.944 0.942 0.672
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Test-set confusion matrices (n = 59). The baseline collapses to the majority class; the framework corrections recover minority recall.

(a) Baseline BCE (b) Class-weighted CE (c) Focal loss (y=1)
F1+=0.000, MCC=0.000, ROC-AUC=0.934 F1+=0.647, MCC=0.507 F1+=0.818, MCC=0.746
Actual neg 0 Actual neg 5 Actual neg 8
Actual pos 18 0 Actual pos 7 11 Actual pos 0 18
Pred neg Preci pos Precll neg Preci pos Predl neg Predl pos

Figure 6. Test-set confusion matrices (n = 59) under three loss configurations. (a) Baseline binary cross-entropy:
the model predicts negative' for every input; F1+ and MCC both collapse to 0.000. (b) Class-weighted cross-
entropy: F1+ recovers to 0.647, MCC to 0.507. (c) Focal loss with y =1: F1+ rises to 0.818, MCC to 0.746; the model
correctly recovers all 18 positive test reviews.

Effect of framework corrections on held-out test metrics (n = 59).
Baseline BCE collapses; focal loss with y = 1 produces the strongest correction.

Accuracy F1 (positive / minority)
1.0 1.0 4
0.864 0.831
0.8
0.6
0.4
0.2 A
0.0 -
Baseline Class-weighted Focal Focal Focal Baseline Class-weighted Focal Focal Focal
BCE CE y= y=2 vy=5 BCE CE v=1 y=2 y=5
MCC ROC-AUC
0.986

1.0 1.0 1

Baseline Class-weighted Focal Focal Focal Baseline Class-weighted Focal Focal Focal
BCE CE y=1 y=2 y=5 BCE CE y=1 y=2 y=5

Figure 8. Effect of the framework corrections on held-out test metrics (n = 59). Baseline binary cross-entropy
collapses on F1+ and MCC; both class-weighting [29] and focal loss [28] recover non-trivial performance; focal
loss with y = 1 produces the strongest correction. All five configurations share the same architecture, training

set, train/test split and random seed; only the loss differs.

Focal loss [28] with v = 1 produces the strongest correction across every headline metric:
accuracy rises from 0.695 to 0.864, F1+ from 0.000 to 0.818, MCC from 0.000 to 0.746, and ROC-AUC
from 0.934 to 0.986. The confusion matrix in Figure 6(c) shows that this configuration recovers all 18
minority-class test examples at the cost of eight majority-class false positives — an asymmetry that
aligns with the framework's loss-level reweighting. Class-weighted cross-entropy is a weaker but
qualitatively similar correction (MCC 0.507; F1+ 0.647); focal loss with y = 2 (the literature default
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[28]) underperforms y = 1 on this corpus, suggesting that the optimal focusing parameter is data-
dependent and benefits from a small grid search. Focal loss with v = 5 sits between y=1 and y =2.

4. Discussion

4.1. Why Headline Accuracy Hides Classifier Failure

The baseline polarity head reaches 69.5% accuracy and zero recall on the positive (minority)
class. The two numbers describe the same model and look incompatible only if the reader has
implicitly assumed a balanced test set. They are perfectly compatible — indeed, diagnostic of a
specific failure mode catalogued across two decades of imbalanced-learning research [26,27,32] —
once the imbalance is acknowledged: the prior probability of the negative class is 0.692, and a constant
predictor that always emits 'negative’ achieves an accuracy of exactly that figure with zero true
positives. The framework's diagnostic battery — accuracy plus per-class precision, recall and F1, plus
MCC, plus the confusion matrix — is the minimum disclosure under which a failure of this kind can
be detected by a downstream reader.

Three factors interact to produce the collapse. First, the bootstrap-labelling rule of Section 2.4
produces label noise correlated with surface vocabulary — the same vocabulary the TF-IDF features
expose. Second, the embedding-plus-pooling architecture has limited capacity to disentangle
minority-class signal in this feature space; the global max-pool in particular discards conjunctive
structure (negation, contrastive discourse markers) that carries much of the polarity signal in mixed
reviews. Third, the binary cross-entropy loss is dominated by the majority class. The Section 2.1.4
corrections attack the third factor; we discuss the first two in Section 4.4 as the principal avenues for
future work.

4.2. The Framework as an Empirical Remediation Pathway

Three mechanisms in the framework contribute to remediation. First, the closed-form class-
weighted and focal-loss corrections of Section 2.1.4 directly attack the loss-dominance pathology, and
Section 3.5 demonstrates that this is not merely formal: focal loss with y = 1 lifts MCC from 0.000 to
0.746 and F1+ from 0.000 to 0.818 on the case-study corpus. Second, the soft-aspect decomposition of
Section 2.1.3 fragments a single heavily imbalanced training distribution into K less imbalanced
training distributions, each of which is less prone to constant-predictor collapse. On the case-study
corpus the per-aspect class priors range from 0.071 in C2 (Access & Device Errors, strongly negative)
to 0.541 in C3 (Overall App Quality), both substantially less skewed than the global 0.308. Third, the
bootstrap stability protocol of Section 2.1.5 quantifies the uncertainty in the substrate's cluster-count
choice. The three mechanisms are complementary; a deployment that wants to be robust to all three
failure modes can adopt all three simultaneously.

4.3. The Tiny-Cluster Artefact and the Limits of Silhouette Point Estimates

Cluster C1 (n = 8, only 2.7% of the corpus) is best interpreted as an artefact of optimising
silhouette on a small short-text corpus rather than as a substantively meaningful aspect. The cluster's
top-loading terms — convenient, simple, fast, easy, great — are a small concentrated pocket of
unambiguous praise; they are not absent from the larger C3 cluster but are pulled into a separate
component by the silhouette criterion. The bootstrap stability protocol of Section 2.1.5 surfaces this
directly: only 1 of 50 replicates select K = 4, and the broader k* distribution suggests the substrate is
on the boundary between admitting a fine-grained and a coarse-grained partition. We read this as
evidence that the bootstrap audit is doing exactly what it is designed to do — flagging cluster
decisions that the corpus does not strongly support — and we recommend reporting I_stab alongside
any silhouette point estimate.
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4.4. The Role of Weak Supervision

The keyword bootstrap rule of Section 2.4 is the simplest possible labelling function and is
included here as a stress test. A production deployment of the framework should replace it with a
Snorkel-style ensemble [23] in which multiple labelling functions — keyword rules, lexicon-based
polarity from VADER [10], distant supervision from star ratings where available, and contextualised
polarity scoring from a frozen pretrained encoder — are reconciled by a generative label model. The
framework is compatible with this upgrade out of the box: the polarity head training stage consumes
labels regardless of how they were produced, and the closed-form corrections of Section 2.1.4 retain
their form. For data augmentation under low-resource conditions, the ChatGPT-based augmentation
strategies of Xu et al. [8] offer a complementary lever; for joint aspect-sentiment discovery in the
weak-supervision regime, the JASen architecture of Huang et al. [9] is a natural neural-era baseline
against which to evaluate the soft-aspect framework.

4.5. Methodological Implications

Three recommendations follow from this study. First, keyword-bootstrapped labels are useful
as a fast first pass but should not be used for production-grade modelling without a manually labelled
validation slice. Second, transformer encoders — even compact ones such as DistilBERT or
AfriBERTa for the African-language code-switched register, and graph-augmented architectures
such as those of Niu et al. [5], Aziz et al. [6] and Feng et al. [7] for the state-of-the-art comparison —
should be the default upgrade path for the polarity head once the framework is in place. Third,
accuracy alone should never be the headline metric in an imbalanced setting; the per-class precision,
recall and F1, the MCC, the test-set class prior and the full confusion matrix are the minimum
disclosure that a review of any such study should require.

5. Limitations and Future Work

5.1. Limitations

Single-app, single-bank corpus. The empirical material is drawn from one Ghanaian retail-bank
application (GCB Bank PLC) over a five-month window. n = 292 after preprocessing. The findings of
Section 3 should not be extrapolated to the Ghanaian fintech ecosystem as a whole without re-
instantiation.

Bootstrap labelling rule. Sentiment labels are produced by a single eight-keyword rule. The label
noise introduced is the principal cause of the classifier collapse documented in Section 3.4 and is the
principal threat to the validity of any reported classifier metric.

Polarity head architecture. The embedding-plus-pooling head of Section 2.2.4 is deliberately at
the low end of the modelling complexity spectrum. Transformer baselines [5-7] on the same labels
are expected to behave qualitatively differently — possibly with different failure modes — and are
not evaluated here.

Topic-substrate comparison. The spectral-NMF substrate of Section 2.2 is one of several
admissible instantiations of the framework. Head-to-head comparison against LDA [11], the
embedded topic model [14], BERTopic [15] and contextualised topic models [16] on the same corpus
would strengthen the substrate-agnostic claim and is identified below as the principal next step.

Bootstrap protocol scale. The stability protocol of Section 2.1.5 was executed with B = 50 to
balance runtime against statistical precision; B = 500 or larger would yield tighter I_stab estimates
and is recommended for final deployment auditing.

5.2. Future Work

The validation work the framework licenses, in approximate order of expected return on
engineering effort:
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Manual gold annotation. Manually label a stratified random sample of approximately 500
reviews and reserve a balanced 200-review subset as a permanent gold-test slice; re-evaluate all
configurations of Section 3.5 against gold labels rather than bootstrap labels.

Per-aspect head training. Train K = 4 aspect-conditional polarity heads under the framework of
Section 2.1.3 on the documents for which P(z_ik =1 | x_i) > 0.5, and compare their per-aspect F1+
against the global classifier of Section 3.5.

Snorkel-style labelling ensemble. Replace the single keyword rule with a generative-label-model
ensemble [23] of multiple labelling functions and rerun the full classifier pipeline.

Topic-substrate comparison. Run LDA [11], the embedded topic model [14] and BERTopic [15]
on the same corpus, compute NPMI and C_v topic coherence per substrate, and re-instantiate the
framework on each; report whether the framework's downstream behaviour is robust to substrate
choice.

Modern transformer-graph polarity heads. Replace the embedding-plus-pooling head with fine-
tuned implementations of the BERT+GCN architecture of Aziz et al. [6], the dual syntax-aware GAT
of Feng et al. [7], the spectral induction model of Niu et al. [5], or the BiSyn-GAT+ of Liang et al. [35]
on the gold-annotated slice.

Data-level imbalance remediation. Combine the loss-level corrections of Section 3.5 with data-
level remediations — ADASYN [25], k-means SMOTE [31], or LLM-based augmentation [8] — to test
whether the two families are additive.

Corpus expansion. Extend the corpus to additional Ghanaian fintech applications (mobile-
money issuers, payment aggregators) to test the framework's portability across operators.

6. Conclusions

This article has introduced Soft-Aspect ABSA, a probabilistic, topic-model-agnostic framework
that promotes unsupervised topic-model output to first-class aspects via a temperature-controlled
softmax over topic-membership posteriors. We have specified two methodological scaffolds on top
of the framework — a bootstrap stability protocol for cluster-count selection and a class-imbalance
diagnostic battery with closed-form class-weighted and focal-loss remediations — and have
instantiated the framework on a corpus of 292 reviews of a Ghanaian retail-bank mobile application.

The empirical strand demonstrates three findings. First, the framework substrate produces a
four-cluster topic decomposition whose principal axis is a strongly negative Access & Device Errors
cluster. Second, the bootstrap stability index I_stab = 0.640 flags the silhouette point estimate as only
moderately stable — information that the silhouette score alone would have hidden. Third, and most
consequentially, the framework's closed-form corrections [28,29] are empirically effective: focal loss
with y =1 lifts Matthews correlation from 0.000 (baseline BCE) to 0.746 and minority-class F1 from
0.000 to 0.818 on the same head, training set and test split. The corrections are therefore not merely
formal; they recover real minority-class performance on a real low-resource corpus.

In low-resource ABSA settings where the aspect set is not given a priori, annotation budgets are
small, and class distributions are skewed — possibly in unexpected directions — a single framework
that wires unsupervised topic discovery, weak supervision, and class-imbalance remediation
together, and that is honest about each component's failure modes, is more useful to practitioners
than any single benchmarked accuracy figure. Soft-Aspect ABSA is offered as one such framework.
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