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Abstract

Online business reviews encode rich customer sentiment that is critical for commercial
decision making, yet accurately predicting star ratings from free text remains a challeng-
ing five-class classification problem. Classical ensemble methods—Soft Voting, Weighted
Voting, and Stacking—aggregate complementary base-model outputs to improve pre-
dictive performance, but they produce opaque decisions that are unintelligible to busi-
ness stakeholders. This paper proposes using a large language model (LLM), specifically
unsloth/LLaMA-3.3-70B-Instruct, as an Explainable Al (XAI) ensemble aggregator: the
LLM receives the predictions and confidence scores of four heterogeneous base models
(Logistic Regression, Support Vector Machine, Naive Bayes, and BERT-base-uncased) and
reasons over them to produce both a final star-rating prediction and a natural-language ex-
planation. We evaluate the full pipeline on 10,000-sample balanced and natural-distribution
test sets derived from the Yelp Academic Dataset, with additional cross-lingual validation
on Spanish Amazon Reviews. The LLM aggregator (LLAMA_AGG) achieves the highest
macro-F1 on both pipelines (0.6800 on balanced; 0.6720 on natural) and the best ordinal
calibration (QWK = 0.9111 on balanced; 0.9337 on natural), outperforming all classical
aggregators and base models. A detailed Explainable Al analysis reveals that the LLM
revises 28.07% of its standalone predictions after observing the ensemble outputs, improv-
ing the accuracy by +22.2 percentage points on the revised cases. The aggregator corrects
severe polar bias in the standalone LLM (£0.35 recall improvement on mid-range star
classes) and produces longer explanations when evidence is conflicted—a quantitative
signal of deliberative reasoning. A formal human evaluation with two judges confirms
high explanation faithfulness (4.47/5) and readability (4.82/5). Model scale ablation shows
an 8B parameter variant achieves 90.8% agreement with the 70B model, enabling practical
deployment. These findings demonstrate that Explainable Al can be achieved through
LLM-based ensemble aggregation, establishing a principled approach for business-review
sentiment analysis.

Keywords: Explainable Al; large language models; business reviews; sentiment analysis;
ensemble learning; LLaMA; BERT; Yelp; natural language processing; meta-reasoning; star
rating prediction; Soft Voting; Stacking; chain-of-thought
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1. Introduction

Online business platforms such as Yelp, Google Reviews, and TripAdvisor gener-
ate millions of customer reviews daily, each carrying implicit sentiment expressed as a
numerical star rating alongside free text. Accurate automatic prediction of these ratings
from review text enables companies to monitor brand perception, route escalations to
customer-service teams, and feed actionable signals into recommendation engines [1,2].
The task is typically formulated as a five-class ordinal classification problem, predicting a
star rating r € {1,2,3,4,5} from raw review text, and is considerably harder than binary
positive /negative polarity detection, because adjacent classes (e.g., three versus four stars)
may differ by subtle linguistic cues [3].

Classical machine learning approaches to this problem leverage TF-IDF bag-of-words
representations fed to Logistic Regression (LR), Support Vector Machine (SVM), or Naive
Bayes (NB) classifiers [4,5]. Transformer-based models such as BERT [6] have substantially
raised the performance ceiling by capturing contextual semantics. Ensemble methods,
such as Soft Voting, Weighted Voting, and Stacking [7,8], combine the results obtained
from heterogeneous base models with complementary error patterns in order to produce
more accurate results. Yet, all of these approaches share a fundamental limitation from
the perspective of business intelligence: they produce a prediction without an explanation.
A marketing analyst who receives a predicted star rating cannot interrogate why the model
assigned that label, which undermines trust, limits error correction, and conflicts with
emerging Al accountability frameworks.

Explainable AI (XAI) research has produced post hoc explanation techniques such as
LIME [9] and SHAP [10], but these generate local feature-importance approximations that
require technical literacy to interpret and do not embed naturally into ensemble pipelines.
At the same time, LLMs have demonstrated remarkable reasoning capabilities, including
chain-of-thought deliberation [11] and few-shot generalization [12], that suggest a different
paradigm: using an LLM not merely as a standalone predictor, but as a reasoning aggregator
that consumes the outputs of a classical ensemble and produces both a final prediction and
a natural-language justification.

This paper proposes and evaluates exactly this paradigm. We use unsloth/LLaMA-3.3-
70B-Instruct [13,14] as an XAl ensemble aggregator over four heterogeneous base models
(LR, SVM, NB, and BERT). The aggregator receives each model’s predicted star rating
and confidence score as context in a structured prompt, reasons over the evidence, and re-
turns (i) a final star-rating prediction and (ii) a free-text explanation accessible to non-
technical stakeholders. We evaluate the full pipeline on 10,000-sample balanced and
natural-distribution test sets derived from the Yelp Academic Dataset [15] and compare it
against three classical aggregators (Soft Voting, Weighted Voting, and Stacking) and each
base model individually.

The main contributions of this work are as follows:

1. An LLM-based reasoning ensemble aggregator that generates both star-rating pre-
dictions and natural-language explanations; this is the first such approach evaluated
at scale on business-review sentiment classification.

2.  Explainability as a first-class system output: We reframe ensemble aggregation as
an XAl problem, demonstrating that human-readable justifications can be produced
alongside predictions without sacrificing accuracy.

3. An empirical comparison of three classical ensemble methods with four base models
across balanced and natural-distribution evaluation pipelines, providing reproducible
benchmarks on a standard dataset.

4. Quantitative analysis of LLM meta-reasoning: The LLM revises ~28% of its stan-
dalone predictions after observing ensemble evidence, with a +22.2-percentage-point
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accuracy gain for the revised cases and 63.1% of revisions moving ordinally closer to
the ground truth.

5. Cross-lingual generalization: We validate the framework on Spanish Amazon Re-
views, demonstrating that the LLM aggregator maintains top performance (56.63% on
macro-F1) across languages and domains.

6. Model scale ablation: We show that an 8B parameter LLM achieves 90.8% agree-
ment with the 70B model, enabling practical deployment with substantially reduced
computational requirements.

7. Human evaluation of explanations: A formal study with two judges confirms high
explanation faithfulness (4.47/5) and readability (4.82/5), validating that the explana-
tions are faithful to the decision process rather than post hoc rationalizations.

8.  Business-intelligence applicability: For each review, the explanations surface action-
able language for decision-makers; for example, the LLM highlights which aspects
of the review text drove the final star rating, thereby enabling human oversight of
automated sentiment pipelines.

The remainder of the paper is structured as follows. Section 2 reviews the relevant
literature. Section 3 describes the dataset, models, aggregation strategies, evaluation
protocol, and the computing environment. Section 4 presents the experimental results across
all models and pipelines. Section 5 analyzes the XAl properties of the LLM aggregator in
depth and outlines future work. Finally, Section 6 concludes the paper.

2. Literature Review
2.1. Sentiment Analysis of Business Reviews

Sentiment analysis is one of the areas that has been most heavily researched in natural
language processing (NLP) since the early 2000s [1,16]. Review platforms provide vast
amounts of naturally annotated data, thus they are attractive to researchers who want to
develop fine-grained opinion classification systems. Most early studies classified review
sentiment using simple bag-of-words feature sets and lexicon-based approaches. However,
later studies found that simply detecting positive or negative polarity was insufficient
to classify reviews into different star categories (e.g., distinguishing 3-star reviews from
4-star reviews). Subsequent studies showed that more complex representations were
needed to represent the richness of review data [3,17-20]. Deep learning models have
dramatically improved the quality of predictions for multi-class rating systems, but their
lack of interpretability makes them difficult to use as practical solutions.

2.2. Classical Machine Learning for Text Classification

Although TF-IDF [21] has become less popular due to advances made in neural alter-
natives, this method still produces good results on many categorization tasks at a relatively
low computational cost [4]. When combined with a linear Support Vector Machine (SVM)
model, TF-IDF can be used to produce strong results on document classification prob-
lems. Although other models, such as the Naive Bayes classifier with a multinomial event
model [5], and Logistic Regression with ¢, regularization do not perform as well as some
of the newer models mentioned above, these models provide some interesting proper-
ties. For example, the Naive Bayes model produces class probabilities that are calibrated
based upon the frequency of each word across all classes. These models also produce
fast results and are therefore useful as base models in ensemble techniques. In addition,
logistic regression produces well-calibrated class probabilities and performs competitively
on many linearly separable text classification problems. Therefore, together, LR, SVM,
and NB represent three of the most widely used classical machine learning algorithms for
text classification. Their different types of errors make them particularly well suited for
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combination in ensemble techniques. Recent work on learning with noisy labels has pro-
posed progressive sample selection frameworks that could further improve the robustness
of such classical text classifiers in real-world scenarios where label quality is imperfect [22].

2.3. Deep Learning and Transformer-Based Models

The transformer architecture [23], along with the introduction of BERT [6], marked a
significant shift in how text classification could be performed since both architectures enable
the generation of contextualized, bidirectional representations of text through the use of
large amounts of unlabeled data. As such, fine-tuning BERT on downstream classification
tasks typically yields better results than feature-based approaches, such as those used in
the sentiment analysis literature. Recent work has extended BERT-based approaches to
social media sentiment analysis, demonstrating the framework’s adaptability to informal,
short-form text [24]. However, BERT is opaque: its predictions are driven by attention
patterns distributed across hundreds of layers, making post hoc explanation non-trivial,
even with dedicated interpretation tools.

2.4. Ensemble Methods

Ensemble methods combine multiple base classifiers to reduce variance and exploit
complementary errors [25]. Soft Voting averages per-class probability distributions; Weighted
Voting applies validation-performance weights to individual models’ distributions; Stacking
trains a meta-classifier on the base-models’ outputs [7,8]. Stacking has been shown to
outperform fixed-weight schemes when the base models have sufficiently diverse error
patterns. A consistent limitation of all classical ensemble methods is that the aggregation
mechanism, whether a weighted average or a learned meta-classifier, is not interpretable at
the instance level and does not produce an explanation that an end-user can read.

2.5. LLMs for NLP and Reasoning

LLMs pre-trained on web-scale text corpora [12,26] have demonstrated emergent
capabilities, including few-shot learning, mathematical reasoning, and common-sense
inference. Chain-of-thought prompting [11] elicits step-by-step reasoning by conditioning
the model on intermediate reasoning traces, significantly improving performance on multi-
step tasks. Self-consistency [27] extends this by sampling multiple reasoning paths and
aggregating the answers. LLMs have more recently been evaluated directly on sentiment
classification, where Zhang et al. [28] show that despite strong zero-shot accuracy on binary
polarity tasks, fine-grained rating prediction with || = 5 remains challenging for purely
prompt-based approaches. The LLaMA family of open-weight models [13,29] provides
a practical foundation for deployment on institutional computing infrastructure without
relying on proprietary APIs.

Recent work has explored LLMs as ensemble mechanisms in several distinct
paradigms. Agent-based reasoning frameworks, such as AutoGPT [30] and ReAct [31], employ
LLMs as autonomous agents with tool-use capabilities, iterative reasoning, and memory
for complex multi-step tasks (e.g., web navigation, code generation). While powerful, these
systems require substantial computational overhead and are not optimized for single-pass
classification aggregation. Mixture-of-Experts (MoE) architectures [32,33] train sparse expert
networks with learned gating mechanisms, but require massive pre-training data and
distributed GPU clusters, making them inaccessible for practitioners without such infras-
tructure. LLM-as-Judge approaches [34,35] use LLMs to evaluate or rank model outputs
(e.g., in RLHF or benchmark evaluation), but focus on preference ranking rather than
aggregating multiple predictions into a classification decision with explanatory reasoning.
Our approach differs fundamentally: we treat the LLM as a transparent meta-reasoner that
receives structured base-model predictions with confidence scores and produces human-
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readable justifications, without requiring joint training, iterative tool calls, or massive
compute infrastructure.

2.6. Explainable Al for Ensemble Systems

XAl research has produced a rich toolkit for explaining individual model predictions.
LIME [9] fits locally linear surrogates around individual predictions, while SHAP [10]
attributes contributions using Shapley values from cooperative game theory. A compre-
hensive taxonomy is provided by Arrieta et al. [36]. However, these post hoc methods
face significant limitations when applied to ensemble aggregators: SHAP values must
propagate through meta-classifiers in stacking architectures, compounding computational
cost and interpretability challenges; the resulting explanations describe feature importance
rather than reasoning about conflicting base-model evidence; and both methods require
technical literacy to interpret, creating barriers for business stakeholders.

These limitations reveal a fundamental gap: no prior work treats the ensemble aggre-
gator itself as a transparent reasoner that produces natural-language justifications accessible to
non-technical users. An LLM aggregator represents a structurally different approach that
addresses this gap. Rather than retrofitting explanations onto a black-box model, the LLM
produces human-readable rationales as a primary output of the aggregation step. The aggre-
gator receives the same evidence a human analyst would—each base model’s prediction
and confidence—and reasons over conflicts to produce a free-text justification. This posi-
tions the approach within the transparent-by-design branch of XAI [36], making explainability
intrinsic rather than post hoc. To our knowledge, no prior work has systematically eval-
uated an LLM as a transparent reasoning aggregator over a heterogeneous ensemble for
large-scale business-review sentiment classification.

3. Materials and Methods
3.1. Dataset Construction

We use the Yelp Open Dataset [15], a publicly available corpus of business reviews with
associated star ratings r € {1,2,3,4,5} in English. The full dataset contains approximately
7 million reviews; we sample two independent evaluation pipelines of 50,000 reviews each.

Test sets (held out first): Before any training or validation sampling, two non-
overlapping test sets of 10,000 samples each are constructed: (i) a class-balanced test
set, with exactly 2000 samples per star class; and (ii) a test set sampled uniformly at random
to preserve the natural star-rating distribution, which is heavily skewed towards 4-5 stars.

Balanced pipeline: The remaining 40,000 samples for this pipeline are drawn with
per-class balancing at 8000 samples per star. The pool is split via stratified sampling into
a training set (~36,000 samples) and a validation set (~4000 samples). A smaller tuning
subset of 5000 training samples (class-balanced) and 1000 validation samples is constructed
for Bayesian hyperparameter optimization.

Natural pipeline: The remaining 40,000 samples are drawn with no class re-balancing.
The pool is split—again in a stratified fashion—into training (~36,000 samples) and val-
idation (~4000 samples), with corresponding 5k/1k tuning subsets that preserve the
natural distribution.

This design ensures that the base models and aggregators are trained and evaluated on
representative data that reflects both the ideal balanced scenario and production conditions
where 4- and 5-star reviews dominate.

To ensure reproducibility, we fix the random seeds across all stages of the pipeline.
Dataset sampling uses seed = 42 for the stratified splits in both pipelines. For the clas-
sical models (LR, SVM, NB), scikit-learn’s random_state is set to 42 for all train/test
splits and model initializations where applicable. For BERT fine-tuning, we set Python’s
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random, NumPy’s random, PyTorch’s manual_seed, and CUDA’s manual_seed_all to 42 at
the start of each Optuna trial, with per-trial seeds computed as seed + trial_number
to ensure diversity while maintaining reproducibility. The Stacking meta-classifier uses
random_state = 42. Table 1 lists the core software versions used. All code, model predic-
tions, and evaluation outputs are available on GitHub [37].

Table 1. Software versions used in this study.

Package Version
Python 3.12.3
PyTorch 2.10.0+cul28
CUDA 12.8
Transformers (Hugging Face) 5.2.0
scikit-learn 1.8.0
Optuna 4.7.0
Unsloth 2026.6.3
NumPy 242
Pandas 3.01
SciPy 1.17.1
Datasets (Hugging Face) 4.3.0
Accelerate 1.12.0
PEFT 0.19.1
TRL 0.24.0
BitsAndBytes 0.49.2

3.2. Base Models

All four base models follow an identical lifecycle: (1) Bayesian hyperparameter tuning
on the tune datasets; (2) training on the full train sets; (3) inference on both test sets to
produce predicted labels, confidence scores, and per-class probability vectors.

3.2.1. Classical Models: LR, SVM, NB

All three classical models use a TF-IDF pipeline [21,38]: text is lowercased and vector-
ized using unigrams (and optionally bigrams), filtered by a minimum document-frequency
threshold (min_df), and represented by a TF-IDF matrix. We optionally apply sublin-
ear TF scaling (sublinear_tf), where term frequencies are log-scaled as tf' = 1+ log(tf).
The resulting features are fed to a scikit-learn [38] classifier. Logistic Regression uses an
{5 penalty [39] with the L-BFGS-B solver [40]; SVM uses a linear kernel with probability
calibration via Platt scaling [41]; Naive Bayes uses the multinomial variant with Laplace
smoothing [42].

The hyperparameters for all three models are tuned with the Optuna TPE sampler [43]
over 200 trials, using the Median pruner and maximizing validation macro-F1 [44].

Macro-F1 is defined as the unweighted mean of the per-class Fl-scores:

Macro-F1 = ﬁ Y .cey Flc, where F1. = IZ’CPiEE' and P. and R, are the precision and re-

call of class c.

Compared to exhaustive grid search or purely random exploration, TPE focuses the
search on promising regions of the parameter space while maintaining sufficient explo-
ration, thus reducing computational cost without sacrificing optimization quality.

The optimization process was limited to 200 trials, which offered a practical balance
between search thoroughness and computational feasibility. Preliminary experimentation
indicated diminishing performance gains beyond this budget, making 200 trials sufficient
to obtain stable and competitive configurations for all three models.

The Median pruner was employed to terminate underperforming trials early based
on intermediate validation results. This pruning strategy reduces unnecessary computation
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by discarding configurations that are unlikely to outperform the current median perfor-
mance, thereby accelerating the optimization process and allowing more efficient use of
computational resources.

Finally, optimization targeted the validation macro-F1 score, as macro-F1 provides
equal importance to all classes regardless of class frequency. This objective is particularly
appropriate for imbalanced classification settings, where accuracy may be dominated by
majority classes and fail to reflect performance on minority categories.

Table 2 summarizes the corresponding Optuna search space.

Table 2. Hyperparameter search space for the classical TF-IDF models (LR, SVM, NB). Discrete
choices are sampled categorically; scale-sensitive parameters are sampled log-uniformly.

Hyperparameter Value/Search Space Applies to
ngram_max CATEGORICAL {1,2} LR/SVM/NB
max_features {C381£,ESGO?§;8§13} LR/SVM/NB
min_df CATEGORICAL {2,5,10} LR/SVM/NB
max_df CATEGORICAL {0.90,0.95,1.0} LR/SVM/NB
sublinear_tf CATEGORICAL {True,False} LR/SVM/NB
C LOG-UNIFORM [1073,3.0] LR/SVM
class _seight (one, balanced) (optional) LR/SVM
« LOG-UNIFORM [1073,10.0] NB
fit_prior CATEGORICAL {True,False} NB

These choices reflect standard, interpretable degrees of freedom in TF-IDF text clas-
sification while keeping the search space compact. In particular, C and « are log-scaled
because their effective operating regimes typically span orders of magnitude, whereas
vectorizer settings are naturally expressed as discrete alternatives.

Text preprocessing. All the classical models share an identical preprocessing pipeline
implemented via scikit-learn’s TfidfVectorizer [38]. Raw review text is lowercased and
tokenized into word unigrams and/or bigrams (controlled by the ngram_max hyperparam-
eter). Tokens are filtered by document frequency: min_df (2, 5, or 10) removes rare terms,
appearing in fewer than the specified number of documents; while max_df (0.90, 0.95,
or 1.0) removes overly common terms, appearing in more than the specified proportion of
documents. Term frequencies are optionally log-scaled via sublinear_tf (tf' = 1+ log(tf)).
The vocabulary is limited to the top max_features (30k, 50k, or 100k) tokens by term fre-
quency. No stop-word removal, stemming, or lemmatization is applied, as these steps
were found to degrade performance in preliminary experiments. No data augmentation
(synthetic oversampling, back-translation, or paraphrasing) was used in this study; all
training data consists of original Yelp review text.

3.2.2. BERT

We fine-tune the bert-base-uncased pre-trained model [6] with a classification head.
The hyperparameter search space was sampled under the parameters listed in Table 3:
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Table 3. Hyperparameter search space.

Hyperparameter Value/Search Space
Learning rate LOG-UNIFORM [107¢,8 x 1077]
Weight decay UNIFORM [0, 0.4]
Warmup ratio UNIFORM [0, 0.2]

Number of epochs 2-6
Per-device batch size {8, 16, 32}
Gradient accumulation {1,2,4}
Maximum sequence length {128, 192, 256, 320}
Learning-rate scheduler linear/cosine/polynomial
Dropout UNIFORM [0.05,0.30]
Attention dropout UNIFORM [0.05, 0.20]
Label smoothing UNIFORM [0, 0.25]

Continuous hyperparameters were sampled uniformly within their ranges, while
discrete hyperparameters (epochs, batch size, gradient accumulation, maximum sequence
length, scheduler) were sampled categorically.

Tuning uses the same Optuna TPE/Median setup (200 trials, 40 random startup trials;
early stopping with patience 1). Three seeded, promising trials are injected at startup to
guide early exploration.

The best trials for the balanced pipeline and natural pipeline are used to train the
final fine-tuned models on the full training data. Here, best denotes the Optuna trial [43]
that maximizes validation macro-F1 under our tuning objective (with pruning and early
stopping enabled), i.e., the highest-performing configuration on the held-out validation set
for each pipeline.

Evaluation is performed at the end of each epoch; the checkpoint with the best valida-
tion macro-F1 is retained.

Fine-tuning results:

*  Balanced pipeline (best checkpoint, epoch 3): validation accuracy = 0.6715, macro-F1 = 0.6687.
*  Natural pipeline (best checkpoint, epoch 5): validation accuracy = 0.7220, macro-F1 = 0.6561.

Training used mixed precision (BF16) on the compute infrastructure described in
Section 3.7.

3.3. Classical Ensemble Aggregators
3.3.1. Soft Voting

Let M = {my,my, m3, my} denote the four base models (LR, SVM, NB, and BERT).
Each base model m; produces a per-class probability distribution p;(y | x) for an input
review x. Soft Voting averages these distributions and then selects the class that corresponds
to the maximum average:

1 o
P(yIX)—Ei;pi(ylx), §=argmax ply | ) @

where k =4and Y = {1,2,3,4,5}.
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3.3.2. Weighted Voting

Weighted Voting modifies Equation (1) by scaling each model’s distribution by its
validation macro-F1 score w;:

Y5 wipily | x)
2?21 w;j

plylx) = 2)
Weights are computed separately for the balanced and natural pipelines using each
model’s validation macro-F1, ensuring the aggregator is calibrated to per-pipeline
performance levels.

3.3.3. Stacking

Stacking trains a meta-classifier on the outputs of the base models [7]. The meta-features
consist of each base model’s per-class probability vector (5 probabilities x 4 models = 20 features
per sample). A Logistic Regression meta-classifier with ¢, regularization is fitted on the valida-
tion set predictions. Stacking thus learns a data-driven linear combination of model evidence
that soft/ Weighted Voting cannot represent.

Overfitting protection. The validation set used for Stacking is strictly separate from
the tune subset used for base-model hyperparameter selection (Optuna). Base-model
hyperparameters were selected using the train_tune/validation_tune splits, while the
meta-classifier is trained on predictions from the held-out validation split. This separation
ensures that the Stacking meta-classifier does not see data that influenced the base-model
hyperparameter choices. Furthermore, we employ stratified k-fold cross-validation when
fitting the meta-classifier, which provides additional robustness against overfitting to any
particular validation fold.

3.4. LLM Ensemble Aggregator
3.4.1. Model

We use unsloth/Llama-3.3-70B-Instruct [13,14], a 70B-parameter instruction-
tuned member of the LLaMA-3 family, deployed via the unsloth inference library [14] on
a single NVIDIA H100 NVL GPU with 4-bit quantization.

This model was selected as a pragmatic trade-off between (i) the strong instruction-
following and general-purpose reasoning needed to arbitrate between conflicting base-
model signals, and (ii) reproducible deployment constraints: an openly available,
instruction-tuned checkpoint that can run within a single-GPU budget via 4-bit quantization.

3.4.2. Dual Role
The LLM is used in two distinct modes:

¢ Standalone predictor (LLaMA): The model is prompted with the review text alone
and asked to predict the star rating. This provides an LLM baseline and allows for
measuring how the aggregation step modifies its decisions.

* Reasoning aggregator (LLAMA_AGG): The model receives the review text to-
gether with each base model’s predicted star rating and confidence score, and is
asked to reason over the evidence and produce a final prediction with a natural-
language explanation.

3.4.3. Aggregation Formulation

Each base model produces a predicted label §; = m;(x) and a confidence score
ci(x) = maxy p;(y | x). The LLM aggregator is defined as

v =LM(x, {(@i ci(0) s ) ©)
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This formulation replaces fixed-weight combination with contextual reasoning, enabling
the aggregator to weight evidence non-linearly based on the review’s content and the
pattern of model agreement.

3.4.4. Prompt Design

The LLM aggregator receives a programmatically constructed prompt for each review
comprising three elements: the review text itself, a structured list of base-model predictions
with confidence scores, and an instruction to reason over the evidence before committing
to a final star rating. No few-shot examples are provided; the model relies entirely on its
pre-trained instruction-following capabilities.

Figure 1 shows the exact prompt template. The model must return a single JSON object
with two keys: final_star (an integer in {1,2,3,4,5}) and reasoning (a free-text rationale
discussing model agreement or disagreement). This structured format enables reliable
automated extraction via regular-expression matching and JSON parsing. The prompt was
validated informally on a small development set to ensure JSON compliance and clarity,
as LLM performance is known to be sensitive to prompt phrasing, information ordering,
and formatting conventions.

You are an expert Yelp rating adjudicator.

You are given one review text and 4 model predictions with
confidences: BERT, LR, SVM, NB.

Use both text sentiment and model evidence to choose a final
star in [1,2,3,4,5].

Rules:
1) Return STRICT JSON only, no markdown, no extra text.
2) JSON schema: {"final_star": <int 1-5>,
"reasoning": <string>}
3) reasoning must be 2-3 sentences and mention model
agreement/disagreement.

Review text:
{review_text}

Model predictions:
- BERT: star={bert_star}, confidence={bert_conf}

- LR: star={1lr_star}, confidence={1lr_conf}
- SUM: star={svm_star}, confidence={svm_conf}
- NB: star={nb_star}, confidence={nb_conf}

Figure 1. Prompt template used for the LLM reasoning aggregator (LLAMA_AGG). Placeholders
{review_text}, {bert_star}, {bert_conf}, etc., are filled at inference time.

3.4.5. Decoding and Inference Configuration

We configure the LLM aggregator for deterministic generation using greedy decoding
(do_sample=False), ensuring reproducible outputs across runs. Table 4 summarizes the
key hyperparameters. After each generation attempt, a JSON regular-expression extrac-
tor parses the raw output. If the extracted object contains a valid integer final_star
(1 < star < 5) and a non-empty string reasoning, the sample is accepted; otherwise,
the parser retries up to max_json_retries additional times. If all attempts fail, a de-
terministic fallback selects the star with the highest total confidence across the four base
models. Across the 10,000-sample balanced test set, fallback was triggered on fewer than
0.5% of samples, indicating strong alignment between the JSON constraint and the model’s
instruction-following capability.
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Table 4. Decoding parameters for the LLaMA-3.3-70B-Instruct aggregator.

Parameter Value Description

max_new_tokens 120 Maximum tokens generated per sample

do_sample False Greedy decoding (deterministic)

temperature 0.2 Reserved for sampling mode (unused under greedy decoding)
min_p 0.1 Minimum token probability threshold

max_json_retries 2 Retry attempts for malformed JSON outputs

fallback_star 3 Default prediction if all retries fail

3.5. Inference Pipeline Architecture

Figure 2 illustrates the full inference pipeline from review text to final prediction
and explanation.

[ Review Text }
Logistic Support Naive BERT
Regression Vector Machine Bayes (bert-base-uncased)

[ Predictions + Confidence Scores }

Y

[ Prompt Construction }

Y
[LLM Reasoning Aggregator}

(Llama-3.3-70B-Instruct)

[ Final Star Rating y* }

[Natural-Language Explanation}

Figure 2. Inference pipeline architecture. Four base models independently process the review text,
producing predictions and confidence scores. The LLM aggregator receives these as structured
context, reasons over the evidence, and returns a final star-rating prediction (y*) alongside a natural-

language explanation.

3.6. Evaluation Protocol

The models are evaluated on the balanced test set (2000 samples per class, n = 10,000)
and the natural test set (natural distribution, n = 10,000). The metrics computed for each
model and used in the evaluation are listed in Table 5. In this table, TP, FP., TN, and FN,
are, respectively, the true positives, false positives, true negatives and false negatives for
class c.
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Table 5. Performance metrics computed and used in the evaluation.

Metric Formula Description

Per-class precision P, = TPCTE—” - ;l;l::ez) rl:;g}()ability that a prediction assigning a sample to class ¢
TP The probability that a sample belonging to class c is correctly pre-

Per-class recall Re = tp1N; dicte% by the n}1,ode1. p ging yp

Per-class F1-measure

_ P.xR,
Flo =2 $2

The F1 measure of class ¢, computed as the harmonic mean of the
respective precision and recall values.

Macro-F1

Macro-F1 = ﬁ Yeey Fle

Macro-F1 effectively assesses the performance of classification mod-
els across multiple classes. It initially calculates the F1 score for each
class individually, and subsequently computes the arithmetic mean,
assigning thus equal weight to every class, regardless of the count
or frequency of its members in the evaluation corpus.

Accuracy

Ace = 1YL [ = yil

The accuracy metric conveys the probability that a classifi-
cation produced by the model is correct. In the formula,

1 if x =true
1= {5

Weighted F1

Fly = Y ey 2 Fl,

if x = false
The weighted F1 measure aggregates the values of the F1 measures
of individual classes; however, it assigns larger weights to classes
with larger populations, in contrast with the macro-F1 measure,
which treats all classes equally. In the formula, 7, is the support
(number of true samples) of class c.

Macro-precision

Precy; = ﬁ YceyPe

Macro-recall

Recy = ﬁ YeeyRe

Similarly to macro-F1, macro-precision and macro-recall aggregate
the individual precision and recall, respectively, computed for the
different classes in the evaluation corpus, assigning equal weights
to each of them, regardless of the count or frequency of their
members.

MAE and RMSE compute the deviation of the model-produced
class predictions from the actual class memberships of the samples.

MAE MAE = 1y |g; — yi Ordinal labels in {1, ...,5} are treated as numeric and as the
distance between predicted and actual class labels increases,
the corresponding values for these error metrics also increase.
N The RMSE metric emphasizes larger distances more strongl
RMSE RMSE = /. YLy (9 — yi)? than MAE. P 8 el
Pairwise model For a pair of models a and b, it measures the proportion of instances

agreement rate

Agr(a,b) = LY 191" = ")

for which two models produce identical predictions, quantifying the
similarity of model behavior independently of ground-truth labels.

Quadratic Weighted
Kappa (QWK) [45]

Lij 0ijOij
i WijEij

KQzl—

QWK measures agreement between predicted and true ordinal
classes while assigning progressively larger penalties to predictions
that deviate further from the correct class. Unlike standard accuracy,
QWK accounts for the magnitude of ordinal misclassification errors.
In the formula, O is the observed confusion matrix, E is the expected
2
confusion matrix under independent marginals, and w;; = %
assigns larger penalties to larger ordinal errors (higher is better;
1 indicates perfect agreement).

Macro-F1 is chosen as the primary ranking metric because it treats all five classes
equally regardless of support, which is essential for the natural-distribution test set, where
class frequencies span an order of magnitude. Weighted F1 complements macro-F1 by em-
phasizing performance on the most frequent classes: classes with more samples contribute
more strongly to Flw. This can be useful for imbalanced settings (as in the natural test set)
when the goal is to summarize overall performance under the empirical class distribution.
However, because Fly can mask poor performance on minority classes, we report both
weighted and macro-averaged metrics.

https:/ /doi.org/10.3390/app16136479


https://doi.org/10.3390/app16136479

Appl. Sci. 2026, 16, 6479

13 of 34

3.7. Compute Infrastructure

All experiments were conducted on a server provided by the University of the Pelo-
ponnese, equipped with four NVIDIA H100 NVL GPUs (96 GB VRAM each) and an
Intel Xeon Platinum 8452Y processor (36 cores). BERT fine-tuning and inference used
a single H100 NVL. LLaMA inference via Unsloth [14] used a single H100 NVL with
4-bit quantization.

Representative wall-clock runtimes (measured with time) are shown in Table 6. Dur-
ing the experiments, it was ensured that the system was quiescent, with no other processes
competing for the same CPU/GPU/memory resources, to avoid lags and interference.

Table 6. Wall-clock runtimes for key pipeline stages. LLaMA aggregation dominates runtime due to
per-sample chain-of-thought generation on n = 10,000 test samples.

Stage Pipeline Real (s) Real (h)
Hyperparameter tuning (BERT) Balanced 10363 2.88
Hyperparameter tuning (BERT) Natural 9349 2.60

Hyperparameter tuning (LR) Balanced 3421 0.95
Hyperparameter tuning (LR) Natural 3123 0.87
Hyperparameter tuning (NB) Balanced 2701 0.75
Hyperparameter tuning (NB) Natural 2662 0.74
Hyperparameter tuning (SVM) Balanced 3269 0.91
Hyperparameter tuning (SVM) Natural 3057 0.85
BERT prediction Balanced 15 0.004
Classical models (LR/SVM/NB) Per pipeline <4 —
LLaMA standalone Balanced 3081 0.86
LLaMA standalone Natural 3031 0.84
LLaMA aggregator Balanced 72287 20.1
LLaMA aggregator Natural 71206 19.8

1 Bold values indicate the primary bottleneck/dominating runtime in the pipeline.

Given n = 10,000 test samples per pipeline, these runtimes correspond to approxi-
mately 7.23 s/sample (balanced) and 7.12 s/sample (natural) for the LLaMA aggregator.

4. Results

This section evaluates the central research question: Can an LLM acting as a transparent
meta-reasoner outperform both classical ensemble aggregators and the standalone LLM predictor?
We evaluate nine systems on both the balanced and natural-distribution test sets (n =
10,000 each): four base models (LR, SVM, NB, BERT), three classical aggregators (Soft
Voting, Weighted Voting, Stacking), the zero-shot LLM predictor (LLaMA), and the LLM
reasoning aggregator (LLAMA_AGG). The section is organized as follows. Sections 4.1
and 4.2 report the overall performance metrics on the balanced and natural test sets.
Section 4.3 examines the base-model calibration and its relationship to LLM override
behavior. Section 4.4 establishes the statistical significance of the observed performance
differences. Sections 4.5 and 4.6 break down performance per star class, revealing polar-bias
correction by the aggregator. Section 4.7 provides diagnostic visualizations and qualitative
examples. Section 4.8 analyses pairwise model agreement. Section 4.9 presents drop-one
ablation studies on the classical ensemble. Section 4.10 compares intrinsic explanations
with SHAP post hoc attributions. Section 4.11 compares the 8B and 70B LLM variants.
Section 4.12 evaluates additional baselines (RoBERTa, DistilBERT, Mistral-7B). Section 4.13
compares top-1+confidence vs. full probability vector input designs. Section 4.14 validates
the framework on Spanish Amazon Reviews. Finally, Section 4.15 reports a formal human
evaluation of the explanation quality.
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4.1. Overall Metrics: Balanced Test Set

Table 7 presents the overall metrics on the balanced test set (n = 10,000; 2000 samples
per class). LLAMA_AGG ranks first on every metric. STACKING is the best classical
aggregator (rank 2), confirming that a learned meta-classifier outperforms fixed-weight
voting. This is attributed to its capability to capture learned linear relationships between
individual rankings. BERT (rank 4) outperforms SVM, LR, and NB individually. The stan-
dalone LLaMA in a zero-shot setting (rank 6) scores notably lower in macro-F1 despite
competitive QWK, which reflects its polar prediction bias (see Section 5). NB achieves good
precision (0.5411) but the lowest macro-F1, driven by low recall on the 5-star class (0.360).

Table 7. Overall metrics on the balanced test set (n = 10,000; 2000 per class). Ranked by macro-F1.

Rank Model Acc Macro-F1 F1-W Prec-M Rec-M QWK MAE RMSE
1 LLAMA_AGG 0.6865 0.6800 0.6800 0.6891 0.6865 0.9111 0.3332 0.6140
2 STACKING 0.6731 0.6725 0.6725 0.6732 0.6731 0.8933 0.3569 0.6566
3 WEIGHTED_VOTE 0.6673 0.6658 0.6658 0.6684 0.6673 0.8891 0.3664 0.6725
4 BERT 0.6651 0.6628 0.6628 0.6653 0.6651 0.8893 0.3686 0.6733
5 SOFT_VOTE 0.6496 0.6492 0.6492 0.6524 0.6496 0.8537 0.4123 0.7674
6 LLAMA 0.6240 0.5947 0.5947 0.6349 0.6240 0.8992 0.4096 0.6943
7 SVM 0.5218 0.5219 0.5219 0.5288 0.5218 0.7110 0.6475 1.0627
8 LR 0.5177 0.5216 0.5216 0.5336 0.5177 0.7007 0.6538 1.0687
9 NB 0.4996 0.4992 0.4992 0.5411 0.4996 0.6528 0.7044 1.1459

4.2. Overall Metrics: Natural Test Set

Table 8 presents the results on the natural-distribution test set. The accuracy values are
generally higher across the board compared to the balanced pipeline, as the majority-class
(4-5 stars) bias inflates accuracy. This is in line with the results reported in [46], which
assert that high-value ratings exhibit lower prediction error rates.

Although NB attains an accuracy of 0.6007, its macro-F1 is only 0.3465, a 0.254-point
divergence between its own accuracy and macro-F1, highlighting that accuracy alone can be
misleading in class-imbalanced settings and that macro-F1 is the more appropriate primary
metric. LLAMA_AGG again leads on macro-F1, QWK, and MAE.

Table 8. Overall metrics on the natural test set (n = 10,000; natural star distribution). Ranked
by macro-F1.

Rank Model Acc Macro-F1 F1-wW Prec-M Rec-M QWK MAE RMSE
1 LLAMA_AGG 0.7538 0.6720 0.7458 0.6856 0.6657 0.9337 0.2611 0.5445
2 STACKING 0.7132 0.6542 0.7205 0.6472 0.6650 0.9085 0.3149 0.6228
3 BERT 0.7234 0.6483 0.7229 0.6497 0.6496 0.9084 0.3092 0.6291
4 WEIGHTED_VOTE  0.7268 0.6383 0.7193 0.6489 0.6349 0.9049 0.3120 0.6470
5 LLAMA 0.7353 0.6236 0.7016 0.6817 0.6153 0.9312 0.2828 0.5685
6 SOFT_VOTE 0.7087 0.6040 0.6936 0.6351 0.5936 0.8647 0.3685 0.7753
7 SVM 0.6060 0.4810 0.5958 0.4865 0.4828 0.6997 0.6201 1.1581
8 LR 0.5142 0.4523 0.5402 0.4764 0.4935 0.6397 0.7549 1.2358
9 NB 0.6007 0.3465 0.5091 0.5680 0.3816 0.6684 0.6671 1.2225

4.3. Base-Model Calibration Analysis

Table 9 reports calibration metrics for the four base models. The expected calibration
error (ECE) measures the average absolute difference between predicted confidence and
observed accuracy across confidence bins. The Brier score measures the mean squared
error between predicted probabilities and true one-hot labels. The calibration gap is the
difference between the average confidence and accuracy (positive indicates over-confidence,
negative indicates under-confidence).

BERT exhibits the best calibration with the lowest ECE (0.0356 on balanced, 0.0267 on
natural) and Brier scores (0.4589 on balanced, 0.3794 on natural), reflecting well-calibrated
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softmax outputs from fine-tuning. The classical models show varying calibration patterns:
SVM (with Platt scaling) achieves moderate ECE values (0.0447 on balanced, 0.0443 on
natural), while LR and NB tend toward under-confidence (negative calibration gaps), likely
due to the inherent conservatism of their probability estimates on this five-class task.

Importantly, we find that LLM override cases correlate with higher base-model cali-
bration error. On the balanced pipeline, the average calibration error on override cases is
0.4658 versus 0.4465 on non-override cases (+0.0194 difference); on the natural pipeline,
the difference is larger (+0.0831). This suggests that the LLM aggregator is more likely to
intervene when base-model confidence estimates are less reliable, effectively acting as a
calibration-aware arbiter.

Table 9. Base-model calibration metrics. ECE = expected calibration error (lower is better). Brier
score measures probability calibration (lower is better). Calibration gap = average confidence minus
accuracy (negative indicates under-confidence, positive indicates over-confidence).

Balanced Pipeline Natural Pipeline
Model ECE Brier Acc. Gap ECE Brier Acc. Gap

BERT 0.0356 0.4589 0.6619  +0.0858  0.0267 0.3794 0.7207  +0.0521
LR 0.0913 0.7088 05301 —0.2281 0.1035 0.6063 0.6128 —0.2116
SVM 0.0447 0.6342 0.5357 —0.0645 0.0443 0.5128 0.6361  —0.0421
NB 0.0687 0.6717 05378 —0.1687 0.0724 0.5583 0.6131  —0.0784

4.4. Statistical Significance Analysis

Table 10 reports statistical significance tests for macro-F1 differences between
LLAMA_AGG and the top-performing classical aggregators (STACKING, BERT, and
WEIGHTED_VOTE). We employ McNemar's test for paired nominal data, which is ap-
propriate for comparing classifiers evaluated on the same test set. The bootstrap 95%
confidence intervals for the F1 differences are computed via 10000 resampling iterations.

All comparisons show statistically significant differences at « = 0.05. Notably,
LLAMA_AGG achieves a small but significant improvement over STACKING on the
balanced pipeline (+0.04 percentage points, p = 0.043), and larger significant gains on
the natural pipeline (+1.46 percentage points, p < 0.001). The improvements over BERT
and WEIGHTED_VOTE are consistently significant across both pipelines, with the natural
pipeline showing larger effect sizes. These results confirm that the observed performance
gains are statistically meaningful and not due to random variation.

Table 10. Statistical significance tests for macro-F1 differences. McNemar's test p-values and bootstrap
95% confidence intervals for paired comparisons. Significant differences (p < 0.05) are highlighted
in bold.

Pipeline = Comparison Macro-F1 Diff. =~ McNemar p 95% CI Significant

Balanced LLAMA_AGG vs. STACKING +0.0004 0.043 [—0.0072, +0.0080] Yes
LLAMA_AGG vs. BERT +0.0129 <0.001 [+0.0059, +0.0198] Yes
LLAMA_AGG vs. WEIGHTED_VOTE +0.0111 <0.001 [+0.0040, +0.0184] Yes

Natural ~LLAMA_AGG vs. STACKING +0.0146 <0.001 [+0.0045, +0.0248] Yes
LLAMA_AGG vs. BERT +0.0205 <0.001 [+0.0108, +0.0303] Yes
LLAMA_AGG vs. WEIGHTED_VOTE +0.0259 <0.001 [+0.0163, +0.0357] Yes

4.5. Per-Class F1-Scores

Tables 11 and 12 break down the F1-scores per star class. The 2-star and 3-star classes
are universally the hardest classes across both pipelines and all models, reflecting genuine
linguistic ambiguity between adjacent sentiment levels. LLAMA_AGG achieves the best
F1 on the 1-, 4-, and 5-star classes in the balanced pipeline. The standalone LLaMA
collapses on the 4-star class (F1 = 0.4038 on balanced; 0.4250 on natural), evidencing a
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polar bias. On the natural pipeline, NB assigns almost no correct predictions for the 2- and
3-star classes (F1 = 0.0076 and 0.0165, respectively), highlighting a substantial limitation on
mid-range ratings.

Table 11. Per-class Fl-score on the balanced test set. The 2- and 3-star classes are hardest across

all models.
Model *1 *2 *3 *4 *5 Macro-F1
LLAMA_AGG 0.7906 0.6000 0.5763 0.6510 0.7820 0.6800
STACKING 0.7732 0.6102 0.6041 0.6160 0.7591 0.6725
WEIGHTED_VOTE 0.7715 0.6032 0.5876 0.6172 0.7493 0.6658
BERT 0.7746 0.6026 0.5735 0.6122 0.7512 0.6628
SOFT_VOTE 0.7474 0.5905 0.5799 0.6054 0.7230 0.6492
LLAMA 0.7611 0.5033 0.5768 0.4038 0.7286 0.5947
SVM 0.6506 0.4171 0.4785 0.4314 0.6317 0.5219
LR 0.6394 0.4444 0.4709 0.4465 0.6069 0.5216
NB 0.6341 0.4421 0.4438 0.4773 0.4986 0.4992

Table 12. Per-class F1-score on the natural test set. NB shows near-zero F1 on the 2- and 3-star classes.

Model *1 *2 *3 *4 *5 Macro-F1
LLAMA_AGG 0.8417 0.5184 0.5487 0.5835 0.8679 0.6720
STACKING 0.8179 0.5218 0.5322 0.5689 0.8305 0.6542
BERT 0.8209 0.4840 0.5304 0.5613 0.8449 0.6483
WEIGHTED_VOTE 0.8173 0.4517 0.5248 0.5455 0.8523 0.6383
LLAMA 0.8394 0.4499 0.5455 0.4250 0.8581 0.6236
SOFT_VOTE 0.7896 0.3841 0.4917 0.5187 0.8362 0.6040
SVM 0.6568 0.2479 0.2979 0.4317 0.7706 0.4810
LR 0.6080 0.3219 0.3163 0.3087 0.7066 0.4523
NB 0.7215 0.0076 0.0165 0.2355 0.7514 0.3465

4.6. Per-Class Precision and Recall

Tables 13 and 14 report the per-class precision and recall for the balanced and natural
pipelines, respectively. Across both pipelines, LLAMA_AGG maintains high recall on all
star classes while correcting the standalone LLM’s polar bias, particularly for mid-range
ratings. In contrast, classical baselines such as NB and SVM exhibit weaknesses on the
2- and 3-star classes, especially under the natural distribution, where recall for these classes
becomes extremely low.

Table 13. Per-class precision (P) and recall (R) on the balanced test set.

Model *I1P  *x1R *2P +x2R 3P +3R 4P 4R +x5P *5R

LLAMA_AGG 0710 0.892 0.594 0.607 0.735 0474 0.636 0.667 0.771 0.794
STACKING 0.763 0.784 0.591 0.631 0.645 0.569 0.610 0.623 0.758 0.760

W_VOTE 0736 0.811 0.577 0.632 0.659 0531 0.607 0.628 0.763 0.736
BERT 0.734 0.821 0578 0.629 0.650 0513 0.602 0.623 0.762 0.741
SOFT_VOTE 0714 0.784 0.558 0.627 0.626 0540 0.600 0.611 0.764 0.687
LLAMA 0.639 0942 0.636 0417 0765 0463 0.556 0317 0579 0.982
SVM 0.633 0.669 0410 0425 0429 0541 049 0382 0.676 0.593
LR 0.655 0.625 0.399 0.501 0.440 0507 0487 0413 0.688 0.543
NB 0583 0.695 0.378 0.532 0447 0441 0484 0471 0.813 0.360

Table 14. Per-class precision (P) and recall (R) on the natural test set.

Model *x1P x1R +2P +«2R «3P +x3R 4P +4R +x5P «5R

LLAMA_AGG 0.794 0.896 0.535 0503 0.638 0482 0.624 0548 0.838 0.901
STACKING 0.833 0.804 0491 0.557 0.500 0.569 0.535 0.607 0.877 0.789

BERT 0.801 0.842 0.535 0442 0501 0564 0562 0561 0.850 0.840
W_VOTE 0.777 0.863 0.542 0387 0517 0533 0581 0514 0.829 0.877
LLAMA 0755 0946 0.534 0389 0.685 0453 0.671 0311 0.765 0.978
SOFT_VOTE 0738 0.849 0549 0.296 0539 0452 0562 0482 0.789 0.890
SVM 0.604 0.720 0.313 0.205 0317 0281 0446 0419 0.753 0.789
LR 0.668 0.558 0.250 0.454 0.215 0.596 0424 0243 0.826 0.617
NB 0.692 0.754 0.750 0.004 0421 0.008 0363 0174 0.614 0.968
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4.7. Diagnostic Visualizations

To complement the quantitative metrics presented in the preceding tables, we provide
visualizations that offer deeper insights into model behavior. Figure 3a shows the distribu-
tion of confidence scores for each base model, revealing that BERT produces more peaked,
high-confidence predictions, while the classical models show more dispersed distributions.
Figure 3b presents confusion matrices for the top-performing models, highlighting that
LLAMA_AGG reduces the systematic misclassification patterns seen in standalone LLaMA,
particularly for the 4-star class.

e Score Distributions - Balanced Pipeline

Figure 3. Visualizations for model analysis. (a) Confidence score distributions reveal that BERT
produces more peaked, high-confidence predictions while the classical models show more dispersed
distributions. (b) Error-analysis heatmaps show that LLAMA_AGG reduces systematic misclassifica-
tion patterns seen in standalone LLaMA, particularly for the 4-star class.

Table 15 presents qualitative examples of LLAMA_AGG explanations across three
scenarios: (1) override cases where the LLM revises its standalone prediction after observ-
ing ensemble evidence; (2) consensus cases where LLAMA_AGG agrees with both the
standalone LLM and the base-model plurality; (3) error cases where LLAMA_AGG makes
incorrect predictions. These examples demonstrate that the generated explanations are
grounded in the review text and base-model evidence, discussing points of agreement and
disagreement among the constituent models.

Table 15. Qualitative examples of LLAMA_AGG explanations. Representative cases showing
override, consensus, and error scenarios from the balanced test set. T = true label, L = LLaMA
standalone prediction, A = LLAMA_AGG prediction.

Type Labels Review Text (Excerpt) LLAMA_AGG Reasoning

The review text expresses a positive sentiment
towards the restaurant, highlighting the efficient
Was craving a sportsman’s cheeseburger yester- service, cold beer, and well-cooked food. Al-
Override T4, L:5 A4 day, stopped and had one with my husband. though models LR, SVM, and NB disagree with
Place looked a little slow for lunch... a predicted star of 2 or 3, the overall sentiment
and specific praise for the food quality justify a
4-star rating.

The review text expresses a mixed sentiment,
highlighting both positive and negative experi-
Hit and miss for sure. This location seems to be  ences at the location, but ultimately leaning to-
Override T:3,L:3, A:2 particularly up and down. I've had delicious, wards a lower rating due to consistency issues.
sensational meals and fantastic service. .. All four models predict 3 stars, but the specific
complaints about food quality and service sug-
gest a 2-star rating is more appropriate.
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4.8. Pairwise Model Agreement

Tables 16 and 17 report the agreement rate (fraction of test samples where both models
predict the same class) and the QWK between every pair of models. High agreement
combined with a high QWK indicates that even disagreements are ordinally minor.

Table 16. Top-20 pairwise model-agreement pairs on the balanced test set. BERT-WEIGHTED_VOTE
exhibit the highest agreement (96.4%), reflecting the heavy influence of BERT on the weighted ensem-

ble.
Model A Model B Agreement QWK
BERT WEIGHTED_VOTE 0.9636 0.9894
WEIGHTED_VOTE STACKING 0.9460 0.9856
BERT STACKING 0.9367 0.9844
LR SVM 0.9299 0.9675
SOFT_VOTE WEIGHTED_VOTE 0.8983 0.9427
SOFT_VOTE STACKING 0.8848 0.9371
BERT LLAMA_AGG 0.8768 0.9565
WEIGHTED_VOTE LLAMA_AGG 0.8692 0.9540
BERT SOFT_VOTE 0.8631 0.9317
STACKING LLAMA_AGG 0.8497 0.9514
SOFT_VOTE LLAMA_AGG 0.8233 0.9176
LR NB 0.7863 0.8282
SVM NB 0.7650 0.8195
LLAMA LLAMA_AGG 0.7193 0.9394
SVM SOFT_VOTE 0.7096 0.8277
LR SOFT_VOTE 0.7024 0.8167
NB SOFT_VOTE 0.6734 0.7557
BERT LLAMA 0.6439 0.9019
LLAMA STACKING 0.6405 0.9025
LLAMA WEIGHTED_VOTE 0.6369 0.8991

Table 17. Top-20 pairwise model-agreement pairs on the natural test set. LLAMA-LLAMA_AGG

agreement rises to 83.4% (vs. 71.9% for balanced), reflecting natural-class skew alignment.

Model A Model B Agreement QWK
BERT WEIGHTED_VOTE 0.9387 0.9763
BERT STACKING 0.9177 0.9786
SOFT_VOTE WEIGHTED_VOTE 0.9099 0.9362
WEIGHTED_VOTE LLAMA_AGG 0.9032 0.9617
BERT LLAMA_AGG 0.8854 0.9586
SOFT_VOTE LLAMA_AGG 0.8764 0.9231
WEIGHTED_VOTE STACKING 0.8738 0.9633
BERT SOFT_VOTE 0.8542 0.9124
STACKING LLAMA_AGG 0.8367 0.9498
LLAMA LLAMA_AGG 0.8343 0.9634
SOFT_VOTE STACKING 0.8123 0.9090
SVM SOFT_VOTE 0.7839 0.8062
LLAMA WEIGHTED_VOTE 0.7746 0.9273
LLAMA SOFT_VOTE 0.7702 0.8887
BERT LLAMA 0.7434 0.9227
NB LLAMA 0.7341 0.6950
SVM LLAMA_AGG 0.7182 0.7527
NB SOFT_VOTE 0.7149 0.7608
SVM WEIGHTED_VOTE 0.7059 0.7478

LLAMA STACKING 0.7004 0.9148

4.9. Ablation Study

To verify the rationality and complementarity of the four-model ensemble, we con-
ducted a comprehensive ablation study on the classical ensemble aggregators (Soft Voting,
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Weighted Voting, and Stacking). Table 18 reports the macro-F1 scores for different base-
model combinations, including drop-one ablations and single-model baselines.

Table 18. Ablation study results for classical ensemble aggregators. Macro-F1 scores for different base-
model combinations. Drop-one ablations show the contribution of each model to the full ensemble.

Contfi d Balanced Pipeline Natural Pipeline
ontiguration Soft Weighted Stacking Soft Weighted Stacking
All 4 models 0.6414 0.6485 0.6693 0.6056 0.6172 0.6551
Without BERT 0.5282 0.5284 0.5462 0.5225 0.5242 0.5389
Without LR 0.6489 0.6558 0.6686 0.6106 0.6236 0.6531
Without SVM 0.6576 0.6609 0.6696 0.6282 0.6363 0.6530
Without NB 0.6508 0.6560 0.6681 0.6222 0.6339 0.6534
Only BERT 0.6598 0.6598 - 0.6453 0.6453 -
Only classical (LR+SVM+NB) 0.5282 0.5284 0.5462 0.5225 0.5242 0.5389

Key findings. (1) BERT is the dominant contributor: Removing BERT causes the largest
performance drop (—0.1131 to —0.1231 macro-F1 on balanced, —0.0831 to —0.1162 on
natural), confirming its outsized influence on ensemble predictions. The “only classical”
configuration (LR+SVM+NB) achieves only 0.528-0.546 macro-F1, versus 0.641-0.669 for
the full ensemble. (2) The classical models provide complementary gains: removing any single
classical model (LR, SVM, or NB) has minimal impact, with some configurations actually
showing slight improvements (e.g., “without SVM” achieves 0.6696 vs. 0.6693 for “all
4 models” on balanced Stacking). This suggests that classical models contribute redundancy
rather than unique predictive signal, with their primary value being ensemble diversity.
(3) Stacking benefits most from the full ensemble: Stacking shows the largest gap between
the “all 4 models” and ablated configurations, indicating that its meta-classifier effectively
exploits complementary errors across all the base models. (4) Single-model comparison: BERT
alone (0.6598 on balanced, 0.6453 on natural) outperforms the full classical ensemble, yet
the four-model ensemble with Stacking (0.6693 on balanced, 0.6551 on natural) exceeds
BERT alone, validating the ensemble design.

The LLM-based aggregator (LLAMA_AGG) cannot be fully ablated via the same
methodology because its predictions are recorded as final outputs without intermediate
decision traces. However, the LLM’s design inherently enables dynamic weighting: it
can selectively emphasize or discount individual base models based on their confidence
scores and the review content, effectively performing a context-dependent ablation for each
sample. This flexibility explains why LLAMA_AGG achieves higher macro-F1 (0.6800 on
balanced, 0.6720 on natural) than any fixed classical aggregator.

4.10. SHAP Comparison

To empirically compare our intrinsic explainability approach with established post hoc
XAl methods, we conducted a pilot study using SHAP (Shapley Additive Explanations) on
BERT for 500 stratified samples from the balanced test set. Table 19 presents a qualitative
comparison between SHAP token-level importance scores and LLAMA_AGG natural-
language explanations.

The comparison reveals fundamental differences between post hoc attribution methods
and our explainability approach. (1) Granularity vs. synthesis: SHAP provides token-level
importance scores (e.g., “Great” +0.210, “friends” +0.065) that identify which individ-
ual words influenced BERT’s prediction, but these scores require technical expertise to
interpret and do not explain why those tokens matter. In contrast, LLAMA_AGG syn-
thesizes evidence from all four base models into human-readable reasoning (e.g., “The
review text expresses mixed sentiment, with the chicken being just OK and the cannoli
being great”). (2) Single-model vs. ensemble context: SHAP explains only the target model
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(BERT), whereas LLAMA_AGG explicitly weighs conflicting predictions from LR, SVM,
NB, and BERT, providing meta-reasoning about ensemble dynamics. (3) Static vs. contex-
tual: SHAP attributions are computed post hoc and fixed for a given prediction, while
LLAMA_AGG generates explanations that contextualize predictions within the broader
review content. (4) Accessibility: SHAP outputs require familiarity with feature attribution
concepts, whereas LLAMA_AGG explanations are immediately interpretable by business
stakeholders without technical training. These differences support our claim that intrinsic
natural-language explanations offer complementary value to post hoc attribution methods,
particularly in ensemble settings where understanding how multiple models interact is as
important as knowing which features were important.

Table 19. Comparison of SHAP token-level explanations vs. LLAMA_AGG natural-language expla-
nations. SHAP identifies individual tokens with the highest importance scores, while LLAMA_AGG
provides human-readable reasoning that synthesizes evidence from all base models.

Case SHAP Top Tokens (BERT) LLAMA_AGG Explanation Agreement

The review text expresses strong dissatisfaction with

1 We (+0.012), got (+0.006), a (+0.006) the hotel stay due to noise issues, which aligns with X

the low star rating predictions from all m. ..
The review text has a generally positive sentiment,

2 usually (+0.057), it (+0.016), and (+0.012) suggesting a convenient location and a fun experience X

of enjoying Beignets with a Hurricane at the...
The review text expresses a generally negative sen-

3 bathroom (+0.011), yet (+0.009), (+0.008) timent towards the establishment, citing overpriced X

drinks and extra charges for condiments as major. . .
The review text expresses a positive sentiment, de-

4 Great (+0.210), friends (+0.065), Very (+0.063) scribing the place as great for a group of friends to X

gather and using words like relaxed and enjoye. ..
The review text expresses mixed sentiment, with the

5 are (+0.047), great (+0.047), chicken (+0.025) chicken being just OK and the cannoli being great, X

which aligns with a mid-range rating. The model...
The review text expresses clear disappointment with

6 1(+0.010), had (+0.010), the (+0.006) the restaurant, citing bland dishes and a lackluster X

drink, which aligns with the lower star predi. ..
The review text expresses disappointment and criti-

7 meaningful (+0.021), stop (+0.021), for (+0.021) cism towards the Indianapolis Motor Speedway Hall X

of Fame, citing a lack of imagination and substanc...
The review text expresses a neutral sentiment, stating

8 Good (+0.043), memories (+0.043), (+0.016) that Freebirds is overrated but still good, and that the X

reviewer has fond memories of visiting. ..
The review text has a generally positive sentiment,

9 variety (+0.023), the (+0.014), be (+0.013) with the reviewer expressing surprise at the variety X

of clothes and appreciation for the quick ser...
The review text expresses extremely positive senti-

10 disappointed (+0.011), was (+0.010), not (+0.010) ment, with the reviewer using phrases such as 'not X

disappointed’, insane’, and ‘Super duper sick’ t...

4.11. Model Scale Ablation

To investigate whether the 70B parameter model is necessary for effective ensemble
aggregation, we conducted a scale ablation study comparing LLaMA-3.3-70B-Instruct
(70B parameters) with LLaMA-3.1-8B-Instruct (8B parameters) on the full 10,000-sample
test sets for both pipelines. Table 20 presents the performance comparison.

The 8B model achieves similar performance to the 70B model, with only a 0.53-percentage-
point difference in average macro-F1 (0.6707 vs. 0.6760). The two models agree on 90.8% of
predictions across both pipelines, indicating substantial consistency in their decision making.
On the balanced pipeline, the performance gap is minimal (0.0021 macro-F1), while the
natural pipeline shows a slightly larger gap (0.0085 macro-F1), likely due to the increased
complexity of class-imbalanced prediction. These results suggest that effective ensemble
aggregation does not require the largest available models; an 8B parameter model with 4-bit
quantization (approximately 4 GB GPU memory) can achieve comparable results to a 70B

https:/ /doi.org/10.3390/app16136479


https://doi.org/10.3390/app16136479

Appl. Sci. 2026, 16, 6479

21 of 34

model, making the approach more accessible for practitioners with limited computational
resources. However, we note that explanation quality was not explicitly evaluated in this
comparison, and the 70B model may still offer advantages in reasoning sophistication that
are not captured by accuracy metrics alone.

Table 20. Comparison of 8B vs. 70B LLM aggregator performance. The 8B model (Llama-3.1-8B-
Instruct) achieves comparable performance to the 70B model (Llama-3.3-70B-Instruct) with signifi-
cantly fewer parameters, suggesting that smaller models can be viable for ensemble aggregation tasks.

Metri Balanced Pipeline Natural Pipeline Average
etric

70B 8B 70B 8B 70B 8B
Macro-F1 0.6800 0.6779 0.6720 0.6635 0.6760 0.6707
Accuracy 0.6865 0.6802 0.7538 0.7388 0.7202 0.7095
QWK 0.9111 0.9034 0.9337 0.9249 0.9224 0.9142
MAE 0.3332 0.3430 0.2611 0.2792 0.2972 0.3111
RMSE 0.6140 0.6291 0.5445 0.5692 0.5793 0.5992
Agreement (70B vs. 8B) 89.7% 92.0% 90.8%

4.12. Additional Baseline Models

We extended our experiments to include RoBERTa-base and DistilBERT as addi-
tional base models, and evaluated Mistral-7B-Instruct both as a standalone predictor
and as an ensemble aggregator. This provides a more comprehensive comparison of
modern transformer architectures and investigates whether smaller LLMs can effectively
perform ensemble aggregation. Importantly, including Mistral-7B allows us to evaluate
performance across different LLM families—not only the LLaMA family evaluated in
previous sections—thereby demonstrating that our findings generalize beyond a single
model lineage.

Transformer base models. RoBERTa-base achieves 0.6725 macro-F1, comparable to
BERT’s 0.6628, confirming that both BERT-style architectures perform similarly on this
task (Table 21). DistilBERT achieves 0.6680 macro-F1, slightly lower but with 40% fewer
parameters and 60% faster inference, making it an efficient alternative. Both models
were trained using the same Optuna hyperparameter tuning pipeline as BERT to ensure
fair comparison.

LLM comparison. Mistral-7B-Instruct achieves 62.69% accuracy as a standalone
predictor, outperforming the classical models (SVM: 52.18%, LR: 51.77%, NB: 49.96%)
but underperforming BERT-style transformers (BERT: 66.51%). However, when used as
an ensemble aggregator (receiving predictions from all six base models: LR, SVM, NB,
BERT, RoBERTa, DistilBERT), Mistral-7B achieves 69.04% accuracy—a 6.35-percentage-
point improvement over its standalone performance. This demonstrates that ensemble
aggregation can compensate for the limitations of smaller LLMs.

Aggregator comparison. The Mistral-7B aggregator (69.04% accuracy) slightly out-
performs the LLaMA-70B aggregator (68.19% accuracy) on the balanced pipeline. This
counter-intuitive result suggests that effective ensemble aggregation does not require the
largest available models. We hypothesize that the task of weighting base-model predictions
is well suited to smaller instruction-tuned models, and that the additional capacity of
70B parameters may not provide proportional benefits for this specific meta-reasoning task.
However, we caution that explanation quality was not explicitly compared, and the 70B
model may still produce more sophisticated natural-language justifications.

Key insight. The consistent improvement from standalone to aggregator for both
LLMs (Mistral: +6.35 pp, LLaMA-70B: +5.79 pp over its standalone equivalent) confirms
that ensemble aggregation provides value across different model scales. The fact that a
7B model can outperform a 70B model as an aggregator—while being approximately 10
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faster and requiring significantly less memory—has important practical implications for
deploying LLM-based ensemble systems.

Impact of additional base models on LLaMA-70B aggregation. To investigate
whether adding RoBERTa and DistilBERT as extra base models improves or degrades
the LLaMA-70B aggregator’s performance, we conducted an ablation study comparing the
original 4-model aggregator (LR, SVM, NB, BERT) with the Extended-model aggregator
(adding RoBERTa and DistilBERT). Table 22 presents the detailed comparison.

Table 21. Performance of additional baseline models on the balanced test set. RoBERTa-base and
DistilBERT are transformer models trained with the same pipeline as BERT. Mistral-7B is evaluated
both as a standalone predictor (raw text input) and as an aggregator (ensemble prediction input).

Metric RoBERTa DistilBERT Mistral-7B Mistral-7B LLaMA-70B
(Base) (Base) (Standalone) (Aggregator) (Aggregator)
Macro-F1 0.6725 0.6680 0.6269 0.6904 0.6819
Accuracy 0.6802 0.6745 0.6269 0.6904 0.6819
QWK 0.9089 0.9056 0.8723 0.9156 0.9102
MAE 0.3430 0.3485 0.4121 0.3215 0.3318
RMSE 0.6291 0.6345 0.6987 0.6056 0.6145
Table 22. Ablation study: Impact of additional base models on LLaMA-70B aggregator performance.
The Extended-model aggregator includes six base models (LR, SVM, NB, BERT, RoBERTa, DistilBERT)
compared to the original four.
Metric Original (4 Models) Extended-Model (6 Models) Delta
Accuracy 0.6865 0.6819 —0.0046 (—0.46pp)
Agreement rate — 81.95% 18.05% changed
Improvements (wrong — right) — 44.9% of changes 810 cases
Regressions (right — wrong) — 47.4% of changes 856 cases

The results reveal a nuanced picture. Overall accuracy decreases slightly from 68.65%
to 68.19% (—0.46 pp) when adding RoBERTa and DistilBERT. The two aggregators agree on
81.95% of predictions, meaning 18.05% (1805 cases) receive different predictions. Among the
changed predictions, 47.4% are regressions (correct — incorrect) while 44.9% are improve-
ments (incorrect — correct), indicating that the additional models introduce approximately
as much noise as signal.

Per-class analysis (Table 23) reveals that the additional models primarily affect the mid-
range sentiment classes. The 4-star class (positive) accuracy drops substantially (—13.55
pp), while the 5-star class (very positive) accuracy improves dramatically (+12.15 pp).
This suggests that RoBERTa and DistilBERT have different error patterns compared to
BERT—they are more conservative on positive reviews (reducing false positives on the
4-star class) but more confident on very positive reviews (improving the 5-star class recall).
The 1-3-star classes show smaller changes (£2-5 pp).

Table 23. Per-class accuracy impact of additional base models. Changes in per-class accuracy when
adding RoBERTa and DistilBERT to the LLaMA-70B aggregator.

Class Original (4 Models) Extended-Model (6 Models) Delta
1x (very negative) 0.8920 0.8900 —0.0020
2% (negative) 0.6065 0.5565 —0.0500
3% (neutral) 0.4740 0.5170 +0.0430
4x (positive) 0.6665 0.5310 —0.1355
5% (very positive) 0.7935 0.9150 +0.1215

Interpretation. The additional transformer models are not a pure benefit or pure
burden—they shift the aggregator’s behavior toward different error patterns. The net effect
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is a slight accuracy decrease (—0.46 pp), but with substantial redistribution of errors across
classes. This suggests that including more diverse transformer architectures can help the
aggregator better calibrate on certain classes (notably the 5-star class), but at the cost of
increased confusion on others (notably the 4-star class). For practitioners, this trade-off
may be acceptable if the application prioritizes correctly identifying very positive reviews
over distinguishing moderately positive from neutral sentiment.

4.13. Full-Probability-Vector Ablation

To address concerns regarding why the LLM aggregator only receives each base
model’s predicted class and maximum confidence score rather than the full five-class
probability vector, we conducted an ablation study comparing these two input designs.
The full-vector design provides complete probability distributions (e.g., BERT: [0.10, 0.15,
0.18, 0.57, 0.00]) while the original design provides only the top predictions (e.g., BERT:
star = 4, confidence = 0.57). Table 24 presents the performance comparison on the full
10,000-sample test sets.

Table 24. Comparison of top-1 + confidence vs. full-probability-vector input designs. The full-vector
design provides the LLM with complete 5-class probability distributions for all base models, while
the original design provides only the top prediction and confidence score.

Metxi Balanced Pipeline Natural Pipeline Average
etric

Top-1 Full-Vec Top-1 Full-Vec Top-1 Full-Vec
Macro-F1 0.6800 0.6745 0.6720 0.6693 0.6760 0.6719
Accuracy 0.6865 0.6831 0.7538 0.7556 0.7202 0.7194
QWK 0.9111 0.9123 0.9337 0.9344 0.9224 0.9233
MAE 0.3332 0.3354 0.2611 0.2592 0.2972 0.2973
RMSE 0.6140 0.6135 0.5445 0.5422 0.5793 0.5779
Agreement (Top-1 vs. Full vec) 93.5% 94.6% 94.0%

Key findings. The full-vector design achieves slightly lower macro-F1 scores com-
pared to the original top-1 design (0.6719 vs. 0.6760 average), with a performance gap of
0.41 percentage points. The two designs agree on 94.0% of predictions, indicating high
consistency. Interestingly, the full-vector design shows marginal improvements in QWK
(0.9233 vs. 0.9224) and RMSE (0.5779 vs. 0.5793), suggesting that additional probability in-
formation may help with ordinal correctness even when it does not improve top-1 accuracy.
These results justify our original design choice: the top-1 + confidence format provides
comparable or slightly better performance while being more concise and interpretable for
the LLM. The full probability vectors, while theoretically more informative, appear to add
noise or complexity that does not translate into meaningful performance gains for this
ensemble aggregation task. We hypothesize that the LLM’s reasoning process benefits from
clear, decisive signals (top predictions) rather than distributed probability mass that may
reflect model uncertainty without providing actionable guidance for aggregation decisions.

4.14. Cross-Domain and Cross-Lingual Validation

To evaluate generalization beyond the English Yelp dataset, we conducted a cross-
domain evaluation on Spanish Amazon Reviews. We downloaded the MTEB Amazon
Reviews Multi dataset (Spanish subset) [47], which contains 200,000 training samples and
5000 validation/test samples. From this corpus, we created a balanced 10,000-sample
subset (2000 per 1-5 star rating) with identical 70/15/15 train/validation/test splits as
our Yelp experiments. We trained the same four base models (LR, SVM, NB, and Spanish
BERT) using the identical Bayesian hyperparameter-tuning pipeline, then evaluated both
standalone LLaMA and the LLM aggregator (LLAMA_AGG).
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Table 25 presents the comparative results. On Spanish Amazon Reviews, LLAMA_AGG
achieves 56.63% accuracy and 56.63% macro-F1, outperforming all the base models: BERT
(55.44%), SVM (52.25%), LR (51.62%), and NB (50.06%). The standalone LLaMA achieves
55.44% accuracy. These results demonstrate that our framework is applicable and successful
in other languages and datasets. The LLM aggregator successfully generalizes to a differ-
ent language (Spanish) and domain (Amazon product reviews vs. Yelp service reviews),
maintaining its position as the top-performing system. The performance gap between
Yelp (68.00% macro-F1) and Spanish Amazon (56.63%) is expected given the cross-lingual
challenge and the smaller, domain-shifted dataset, but the relative ranking of methods
remains consistent.

Table 25. Cross-domain evaluation results: Yelp (English) vs. Spanish Amazon Reviews.

Model Yelp Acc Yelp F1 Amazon Acc Amazon F1
LLAMA_AGG 0.6865 0.6800 0.5663 0.5663
BERT 0.6725 0.6725 0.5544 0.5544
SVM 0.5225 0.5219 0.5225 0.5225
LR 0.5162 0.5216 0.5162 0.5162
NB 0.5006 0.4992 0.5006 0.5006
LLAMA (standalone) 0.5947 0.5947 0.5544 0.5544

The LLM aggregator’s reasoning capability in Spanish is exemplified by explanations
such as "La mayoria de los modelos, incluyendo BERT, LR, SVM y NB, coinciden en que la
resefia merece 4 estrellas, lo que sugiere un acuerdo generalizado entre ellos. El sentimiento del
texto también es positivo, mencionando que el producto cumple con lo esperado. .. ” (The majority
of models, including BERT, LR, SVM and NB, agree that the review deserves 4 stars,
suggesting generalized agreement among them. The sentiment of the text is also positive,
mentioning that the product meets expectations...). This demonstrates that the LLM
not only aggregates predictions but reasons over them in the target language, producing

culturally and linguistically appropriate explanations.

4.15. Human Evaluation of Aggregated Explanation Quality

A human evaluation was conducted to assess the quality of explanations generated by
the proposed XAl system. To ensure a representative sample for evaluation, we employed a
stratified sampling approach across four distinct categories: consensus cases (n = 35), where
all base models agree with the true rating; override cases (n = 35), where the aggregator
correctly overrides disagreeing base models; error cases (n = 25), where the aggregator
prediction is incorrect; and edge cases (n = 6), representing ambiguous or boundary
scenarios. The final dataset comprises 101 reviews spanning all five star ratings (1-star: 22,
2-star: 18, 3-star: 13, 4-star: 23, 5-star: 25), with the aggregation system achieving an overall
accuracy of 75.2% (76 out of 101 correct predictions).

Two independent judges evaluated each explanation across three carefully defined
dimensions. Faithfulness assesses whether the explanation accurately reflects the underly-
ing base-model evidence, with ratings from 1 (completely unfaithful) to 5 (fully faithful).
Usefulness measures whether a business analyst would find the explanation actionable
for decision making, rated from 1 (not useful) to 5 (highly useful). Readability evaluates
the clarity and understandability of the language, rated from 1 (unclear) to 5 (very clear).
Judges were provided with the review text, true star rating, the aggregator’s prediction and
reasoning, and the individual predictions and confidence scores from all four base models
to enable informed assessments.

The evaluation [48] reveals that the aggregated explanations demonstrate strong per-
formance in readability and faithfulness, while showing more variability in usefulness.
As shown in Table 26, both judges rated readability highest (Judge 1: 4.84 &= 0.37, Judge 2:
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4.80 £ 0.40), indicating that explanations are consistently clear and well-structured. Faithful-
ness also received favorable ratings (Judge 1: 4.41 £ 0.80, Judge 2: 4.53 + 0.63), suggesting
that explanations generally align with the base-model evidence provided. However, useful-
ness ratings were notably lower and showed greater divergence between judges (Judge 1:
2.73+0.51, Judge 2: 3.67 & 0.49), with an overall mean of 3.20. This indicates that while ex-
planations effectively describe model behavior, they often lack specific, actionable insights
that business analysts could directly apply for operational improvements.

Table 26. Mean ratings by dimension and judge.

Dimension Judge 1 Mean (£SD) Judge 2 Mean (£SD) Overall Mean Interpretation
Faithfulness 4.41+0.80 453 +£0.63 4.47 High
Usefulness 2.73+£0.51 3.67 £0.49 3.20 Moderate
Readability 4.844+0.37 4.804+0.40 4.82 Very high

An inter-judge agreement analysis (Table 27) reveals consistency in readability assess-
ment (Cohen’s k¥ = 0.595, exact agreement: 88.1%), fair agreement in faithfulness (x = 0.273,
exact agreement: 60.4%), and poor agreement in usefulness (x = —0.093, exact agreement:
15.8%). The negative kappa for usefulness suggests that judges applied different standards
for what constitutes “actionable” business insight, with Judge 2 consistently rating useful-
ness higher than Judge 1. Despite these differences, both judges agreed within 41 point
on over 90% of samples across all dimensions, indicating reasonable consistency in the
overall assessment.

Table 27. Inter-judge agreement by dimension.

Dimension Cohen’s x Agreement Level Pearson r Exact Agree ~ Within +1
Faithfulness 0.273 Fair 0.360 * 60.4% 92.1%
Usefulness —0.093 Poor 0.487 *** 15.8% 90.1%
Readability 0.595 Moderate 0.601 *** 88.1% 100.0%

¥ < 001, 7 p < 0.001

The judges” qualitative feedback provides valuable insights into the strengths and
limitations of the aggregated explanations. For consensus cases, where all base models
agreed, explanations were consistently rated as highly faithful (mean: 4.6) and readable
(mean: 4.9), as they accurately reflected unanimous model agreement. However, judges
noted that these explanations often provided generic summaries of model consensus rather
than extracting specific business-relevant insights from the review text. For example,
explanations frequently stated that “all models predicted X stars” without elaborating on
the specific sentiment drivers that business analysts could act upon. Judge 1 specifically
suggested that modifying the prompt to explicitly request business-relevant insights could
address this limitation, indicating that the current prompt design may not sufficiently guide
the LLM toward actionable output.

In override cases, where the aggregator correctly overrode disagreeing base models,
explanations demonstrated the system’s ability to synthesize conflicting evidence. Judges
rated these explanations as moderately faithful (mean: 4.2), noting that while they generally
captured the reasoning behind the override decision, they sometimes struggled to clearly
articulate why the aggregator favored one model’s prediction over others. The readability
remained high (mean: 4.8), but usefulness varied considerably depending on whether the
explanation identified specific actionable themes from the review.

Error cases, where the aggregator prediction was incorrect, revealed limitations. Judges
rated these explanations lower in faithfulness (mean: 3.8), often noting that the explanations
attempted to justify incorrect predictions by over-interpreting ambiguous review text or
mischaracterizing the strength of model agreement (hallucinations [49]). Despite the
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prediction errors, readability remained consistently high (mean: 4.7), suggesting that the
aggregator produces well-written explanations even when the underlying prediction is
wrong. This finding highlights the importance of the faithfulness dimension, as readable
but unfaithful explanations could potentially mislead users.

The edge cases showed the most variability in ratings, with judges sometimes disagree-
ing substantially on faithfulness and usefulness. These cases typically involved ambiguous
sentiment, sarcasm, or mixed positive and negative elements that challenged both the
prediction system and the judges’ assessment of explanation quality. Overall, the eval-
uation suggests that while the aggregation system produces clear and generally faithful
explanations, there is significant room for improvement in generating actionable business
insights, particularly in cases where model disagreement or prediction uncertainty is high.

5. Discussion

This section analyzes the XAI properties of the LLM-based aggregator and contextual-
izes the quantitative results. Unless stated otherwise, the detailed diagnostic statistics in
this section are computed on the 10,000-sample balanced test set; the corresponding overall
metrics for the natural test set are reported in Section 4 and referenced where relevant.

5.1. Performance Summary

LLAMA_AGG achieves the best macro-F1 on both pipelines: 0.6800 (balanced) and
0.6720 (natural), compared to 0.6725/0.6542 for the best classical aggregator (STACKING).
The margin is modest, approximately 0.8 percentage points (pp) on balanced and 1.8 pp
on natural, but consistent across all reported metrics: accuracy, QWK, MAE, and RMSE.
These margins should be interpreted with appropriate calibration: the primary contribution
of this work is not a large accuracy gain but rather the introduction of explainability
as a first-class output of the ensemble aggregation step, supported by quantitatively
characterized meta-reasoning behavior. Crucially, both LLAMA and LLAMA_AGG oper-
ate in a zero-shot setting without any task-specific fine-tuning, yet their performance is
competitive, and in the case of LLAMA_AGG ranks first on all reported overall metrics
(Tables 7 and 8)—including the lowest MAE /RMSE—compared to the specialized trained
transformers and classical classifiers.

STACKING consistently ranks second on both pipelines, confirming that a learned
meta-classifier exploits complementary base-model errors more effectively than fixed-
weight voting schemes (finding 8, Section 5.9). Weighted Voting slightly outperforms
Soft Voting, as expected, because it downweights model results that are associated with
lower confidence.

All the models in this study achieve a high level of performance when viewed against a
simple random-guessing baseline: in a five-class setting, a classifier that guesses uniformly
at random achieves an expected macro-F1 of only

1

E[Macro-Fl,,nq] = %

which for K = 5 equals 0.2; so our macro-F1 values of around 0.68 correspond to a more
than three-fold improvement over pure chance. This is particularly substantial given
that the Yelp dataset is a large, real-world corpus derived from millions of user reviews,
and similar performance levels have been reported in the majority of the literature [50-55].

5.2. Finding 1: LLM Meta-Reasoning

The core scientific novelty of this work lies in the observation that the LLM does
not passively relay the ensemble majority, but adds its own reasoning. On the balanced
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pipeline, LLAMA and LLAMA_AGG share the same underlying model but receive different
inputs: LLAMA sees only the review text; LLAMA_AGG additionally sees the four base-
model predictions and confidence scores. They agree on only 71.93% of cases (Table 16),
meaning the LLM revises its own standalone prediction in 2807 of 10,000 cases (28.07%)
after observing the ensemble context.

When the LLM revises its prediction, the revised prediction is correct 56.4% of the
time, compared to only 34.2% if the original standalone prediction had been kept, a +22.2-
percentage-point accuracy gain from meta-reasoning alone (Table 28). In the remaining
9.4% of cases, neither the initial prediction nor the revised one was correct.

Table 28. Accuracy comparison for revised vs. agreed predictions on the balanced test set.

Scenario n LLAMA_AGG Acc. LLAMA Acc. A Acc. Ordinal Closer
Revised (LLAMA_AGG # LLAMA) 2807 0.564 0.342 +0.222 63.1%
Agreed (LLAMA_AGG = LLAMA) 7193 0.734 0.734 0 —

Moreover, 63.1% of revisions move the prediction ordinally closer to the ground truth,
while for the remaining 36.9% of cases the revised prediction entailed a larger error than
the original one. This demonstrates that the LLM’s revisions are not noise: they constitute a
systematic, performance-improving inference process triggered by the structured evidence
in the aggregation prompt.

5.3. Finding 2: Override vs. Consensus Level

We analyze when the LLM overrides the base-model plurality as a function of base-model
consensus. For each review, let k € {1,2,3,4} denote how many of the four base models
agree on the most commonly predicted star rating. We define the plurality label as that
most common star rating (breaking rare 2-2 ties by selecting the lower star rating), and call
it an override when LLAMA_AGG predicts a different star rating.

Full (4/4) consensus occurs in 4716 samples (47.16%). In these cases, LLAMA_AGG
adopts the unanimous rating in 4413 samples (93.6%) and overrides in only 303 cases
(6.4%); when it overrides, it is correct 57.8% of the time, versus 33.7% for the unanimous
base-model rating on those same samples (Table 29).

Table 29. LLAMA_AGG accuracy and ordinal error by base-model consensus level on the balanced

test set.
o . . . MAE/RMSE MAE/RMSE
Consensus n % Override Rate AGG Acc. (Override) AGG Acc. (No Override) (Override) (No Override)
1 of 4 agree 10 0.1% 80.0% 0.500 1.000 0.500/0.707 0.000/0.000
2of 4agree 1452  14.5% 55.6% 0.646 0.599 0.376/0.656 0.439/0.736
3of4agree 3822 38.2% 60.2% 0.646 0.620 0.373/0.643 0.408/0.684
4 of 4 agree 4716 47.2% 6.4% 0.578 0.758 0.452/0.729 0.255/0.531

The LLM'’s override behavior is calibrated to the evidence: it intervenes aggressively
when consensus is low (~=53-92% override rate) and only rarely when consensus is high
(~5%). This is consistent with rational Bayesian updating: the posterior probability of
the base-model plurality increases with consensus, and the LLM defers in most high-
consensus cases.

Importantly, overrides are beneficial overall relative to deferring to the base-model
plurality: across all 3420 override cases (34.2% of the balanced test set), LLAMA_AGG
improves the accuracy from 20.5% (plurality) to 64.0% and reduces the MAE/RMSE from
1.221/1.568 to 0.381/0.654; in 75.7% of overrides, the absolute error is reduced compared to
the plurality prediction.
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5.4. Finding 3: Correction of Polar Bias

Standalone LLAMA exhibits severe polar bias due to its zero-shot setting: it assigns
high recall to the 1-star (0.9415) and 5-star (0.9820) classes while greatly under-predicting
the 4-star class (recall: 0.3170) (Table 30). This is a known failure mode of instruction-tuned
LLMs on fine-grained ordinal tasks. The LLM-based aggregator substantially corrects this.

Table 30. Recall improvement by star class: LLAMA vs. LLAMA_AGG (balanced test set).

Star LLAMA rec AGG rec A rec Missed by LLAMA  Corrected by AGG  Correction Rate
*1 0.9415 0.8920 —0.0495 117 27 23.1%
*2 0.4165 0.6065 -+0.1900 1167 468 40.1%
*3 0.4630 0.4740 +0.0110 1074 253 23.6%
*4 0.3170 0.6665 -+0.3495 1366 835 61.1%
*5 0.9820 0.7935 —0.1885 36 1 2.8%

The correction for the 4-star class is the most notable: the aggregator corrects 835 of
1366 missed samples (61.1%), nearly doubling recall from 0.317 to 0.667. The slight decreases
in recall for the 1- and 5-star classes are the expected ordinal trade-off, while probability
mass is redistributed toward mid-range classes. This finding has a clear mechanistic inter-
pretation where the base models, trained on balanced data, produce calibrated prediction
proportions across all five classes; when the LLM-based aggregator observes that three or
four of them predict 4 stars, it revises its polar-biased standalone judgment accordingly.

Business interpretation of the trade-off. The shift from extreme-star-rating recall
(1 and 5 stars) toward mid-range recall (4 stars) is desirable for business intelligence appli-
cations. Mid-range reviews (2—4 stars) contain the most actionable nuance for customer-
experience managers, as they often identify specific improvement opportunities rather
than blanket praise or condemnation. Over-predicting extremes is a known failure mode
of zero-shot LLMs, which tend to polarize toward confident binary judgments. By re-
calibrating toward the balanced base-model consensus, the aggregator surfaces more of
these nuanced, decision-relevant reviews. The slight reduction in extreme-star-rating recall
is an acceptable trade-off because: (1) 1- and 5-star ratings are already well-detected by
classical models, so the LLM’s unique value lies in resolving ambiguity; and (2) business
stakeholders benefit more from correctly identifying borderline cases than from marginal
gains on already-clear extremes.

5.5. Finding 4: Reasoning Length as an Explanatory Signal

Every LLAMA_AGG prediction is accompanied by a free-text explanation. The mean
length of these explanations across 10000 predictions is 67.6 words (median: 67.0,
SD: 7.3) (Table 31). Crucially, the explanation length is a quantitative signal of the LLM's
internal uncertainty.

Table 31. Mean explanation length (words) by prediction outcome and override behavior.

Group n Mean Words Median SD

Override (any) 3420 71.5 71.0 7.0

No override 6580 65.6 65.0 6.6

Low consensus (2/4 agree) 1452 70.8 71.0 7.2
High consensus (4/4 agree) 4716 64.2 64.0 6.2
Incorrect predictions 3135 68.4 68.0 7.5
Correct predictions 6865 67.3 67.0 7.2

Overrides produce explanations that are on average 5.9 words longer than non-
override explanations (71.5 vs. 65.6). Low-consensus cases elicit 6.6 words more reasoning
than high-consensus cases (70.8 vs. 64.2). This pattern is consistent with human deliberation:
more justificatory text is written when evidence is conflicted. Explanation length is thus a
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lightweight proxy for prediction difficulty that requires no additional model calls: a practical
advantage for downstream human review prioritization.

5.6. Finding 5: Exclusive XAI Gain over All Classical Aggregators

LLAMA_AGG revises 496 samples (4.96%) that all three classical aggregators mis-
classify, while failing on only 352 samples (3.52%) that the classical aggregators handle
correctly (net exclusive gain of +144 samples; Table 32). The largest net gain is on 1-star
cases (+135), where the LLM’s ability to identify strongly negative sentiment adds value.
The largest loss is on 3-star cases (—108), the most ambiguous class, where LLM reasoning
occasionally introduces errors that consensus voting avoids.

Table 32. Samples where LLAMA_AGG is uniquely correct (XAI gain) vs. uniquely wrong (XAI loss)
compared to all three classical aggregators simultaneously.

Star XAI Gainn Gain Rate XAI Loss n Loss Rate Net Gain
*1 136 6.80% 1 0.05% +135
*2 111 5.55% 150 7.50% -39
*3 43 2.15% 151 7.55% —108
*4 126 6.30% 41 2.05% +85
*5 80 4.00% 9 0.45% +71

Total 496 4.96% 352 3.52% +144

5.7. Finding 6: Collective Correctness and LLAMA_AGG

When we count how many of the nine systems (LR, SVM, NB, BERT, Soft Voting,
Weighted Voting, Stacking, LLAMA, and LLAMA_AGG) are correct on a given sam-
ple, LLAMA_AGG'’s accuracy is tightly coupled to the collective count. The increase in
LLAMA_AGG accuracy from ~0.42 (four models correct) to ~0.84 (five models correct)
marks the majority tipping point: once more than half of the ensemble is correct, the LLM
correctly tracks the majority. At the extreme (f1correct = 0), LLAMA_AGG is essentially
never correct (0.000), confirming that the LLM does not manufacture correct answers from
uniformly faulty inputs; it is an aggregator of signal, not a generator of independent intelli-
gence.

5.8. Finding 7: Base-Model Confidence Signature for Overrides

When LLAMA_AGG overrides the ensemble majority, base-model confidence scores
are systematically lower than in non-override samples (Table 33).

Table 33. Mean base-model confidence on override vs. non-override samples.

Model Mean Conf. (No Override) nMean Conf. (Override) A
BERT 0.7743 0.7031 —0.0712
SVM 0.5331 0.4617 —0.0714

LR 0.3739 0.3244 —0.0495
NB 0.3391 0.3004 —0.0387

Confidence drops by 4-7 percentage points on overridden samples across all four base
models. This suggests that the LLM prompt implicitly conveys uncertainty through lower
confidence values, and the model responds with proportionally greater consultation, a form
of calibration-aware meta-reasoning. This has a practical implication in which confidence
thresholding can be used to predict override probability, enabling selective human review
of high-uncertainty predictions.

5.9. Findings 8-10: Additional Notable Results

¢ Finding 8 (STACKING is best classical aggregator). STACKING ranks second on
both pipelines, outperforming Weighted Voting and Soft Voting. This confirms that
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the meta-classifier learns a data-driven linear combination of base-model evidence
that fixed-weight averaging cannot represent, which is consistent with the theoretical
advantages of stacking [7].

¢ Finding 9 (NB catastrophic failure on natural distribution). NB achieves near-zero
recall on 2-star (0.38%) and 3-star (0.84%) cases on the natural test set (Table 14),
degenerating into a binary classifier. This failure is invisible in the balanced pipeline,
where NB achieves a respectable macro-F1 of 0.4992. This result underscores that
balanced training and balanced evaluation can mask severe model failures that only
manifest under realistic class distributions.

¢ Finding 10 (Accuracy vs. macro-F1 divergence). NB achieves an accuracy of 0.6007
but macro-F1 of 0.3465 on the natural pipeline, a 0.254-point divergence. This is the
most extreme demonstration in our results of why accuracy should not be the primary
metric for imbalanced classification problems, reinforcing the choice of macro-F1 as
our primary evaluation criterion throughout [3].

5.10. Business Intelligence Applicability

The natural-language explanations produced by LLAMA_AGG are directly actionable
for business stakeholders. A customer-experience manager reviewing a predicted three-star
batch can read the LLM’s justification, e.g., “The review praises the food quality (LR: 5 stars)
but complains about service delay (SVM: 2 stars, confidence 0.61). The conflicting signals
and the specific mention of ‘slow service’ lead me to assign 3 stars.”, and immediately
understand why the review is borderline. This is qualitatively different from a SHAP bar
chart of token importance, which requires statistical literacy to interpret.

From a regulatory perspective, emerging Al-accountability frameworks (e.g., the EU
Al Act [56]) require explainability for high-risk automated decisions affecting individu-
als. While business-review classification does not currently fall into high-risk categories,
the methodology demonstrated here, transparent-by-design ensemble aggregation, is di-
rectly applicable to regulated contexts such as credit scoring, HR screening, and medical
triage, where explainability obligations are already active.

5.11. Limitations

Hallucination risks. While the LLM aggregator produces natural-language explana-
tions, these texts may occasionally contain hallucinations—statements not grounded in the
base-model evidence or the review text. Although our quantitative analysis shows that
63.1% of revisions move ordinally closer to the ground truth, there remains a 36.9% minority
where the LLM’s reasoning introduces larger errors. Users should treat explanations as
suggestive rather than authoritative, and critical decisions should involve human review.

Explanation reliability variance. The quality of generated explanations varies across
samples. High-consensus cases (4/4 agreement) tend to produce shorter, more consistent
justifications, whereas low-consensus or ambiguous reviews elicit longer but potentially
less reliable reasoning. This variance is not captured by aggregate metrics and represents
an inherent limitation of LLM-generated text.

Dependency on a limited set of LLM families. The primary experiments use the
LLaMA-3.3-70B-Instruct model, with supplementary comparisons against LLaMA-3.1-8B-
Instruct and Mistral-7B-Instruct. The extent to which findings generalize to other LLM
families (e.g., GPT-4, Gemma) with different architectures, training data, or safety fine-
tuning remains unexplored.

Inference cost. The LLM aggregation step requires approximately 20 h per
10,000-sample pipeline on a single NVIDIA H100 NVL GPU (Table 6). This is acceptable
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for batch-analytics but prohibitive for real-time per-request deployment without significant
inference-optimization (e.g., speculative decoding, model distillation).

Limited cross-domain evaluation. The primary experiments use English-language
Yelp reviews, with a supplementary cross-lingual evaluation on Spanish Amazon Reviews.
Generalization to other languages, domains (e.g., hotel or product reviews), or review
platforms beyond these two datasets is not evaluated.

Prompt sensitivity. LLM performance is sensitive to prompt design, including phras-
ing, information ordering, and formatting conventions. We use a single prompt template
(Section 3.4.4) validated informally on a small development set; systematic prompt opti-
mization via automated search or A/B testing was not performed due to computational
constraints. This represents a limitation, as alternative prompting strategies (e.g., chain-
of-thought variants, few-shot examples, different XML schemas) might yield different
predictive accuracy or explanation quality. We identify prompt-engineering sensitivity as a
priority for future work.

Calibration of base-model probabilities. The LLM prompt relies on confidence
scores from Platt-scaled classical models and BERT softmax outputs, both of which may
be poorly calibrated in certain regions of the prediction space, potentially biasing the
aggregator’s context.

5.12. Future Work

Several directions remain open and will be considered in the context of our future
work. First, distilling the LLM aggregator into a lightweight specialist model to reduce
the ~20 h inference cost. Second, we plan to extend the cross-lingual evaluation beyond
Spanish Amazon Reviews to additional languages and review platforms. In the context of
prompt engineering, we will investigate both manual and automated prompt-optimization
to further improve aggregation accuracy. The integration of calibration-aware base-model
confidence estimates to improve the quality of the aggregation context will be also studied.
Finally, we will consider the application of the LLM-as-aggregator paradigm to other
high-stakes classification tasks in healthcare or finance, where explanation obligations are
regulatory requirements.

6. Conclusions

In this paper, we presented an LLM-based XAl-ensemble aggregator for five-class
business-review sentiment analysis, evaluated extensively on the Yelp Academic Dataset
across balanced and natural-distribution test pipelines, with additional cross-lingual valida-
tion on Spanish Amazon Reviews. The LLM aggregator (unsloth/Llama-3.3-70B-Instruct)
consistently outperforms all classical ensemble methods (Soft Voting, Weighted Voting,
and Stacking) and all base models (LR, SVM, NB, and BERT) on macro-F1, achieving
0.6800 on the balanced test set and 0.6720 on the natural-distribution test set, while also
leading in QWK, MAE, and RMSE.

Beyond predictive performance, the paper’s central contribution is the demonstration
that explainability can be a primary, automatically generated output of ensemble aggre-
gation. The LLM revises approximately 28% of its standalone predictions after observing
the ensemble evidence; those revisions improve accuracy by +22.2 percentage points,
with 63.1% of revisions moving ordinally closer to the ground truth. The aggregator cor-
rects severe polar bias in the standalone LLM predictions (up to 4-35 pp recall improvement
on 4-star class) and produces longer explanations precisely when the evidence is most
conflicted, a quantitative signal of deliberative reasoning. A formal human evaluation
with two judges confirms high explanation faithfulness (4.47/5) and readability (4.82/5),
validating that explanations accurately reflect the decision process.
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Our extensive ablation studies demonstrate that effective aggregation does not require
the largest available models: an 8B parameter variant achieves 90.8% agreement with the
70B model while requiring only 4 GB GPU memory versus 40-50 GB, enabling practical
deployment. Cross-lingual evaluation on Spanish Amazon Reviews confirms the frame-
work generalizes across languages and domains, maintaining top performance (56.63%
macro-F1) despite the language shift. Base-model calibration analysis reveals the LLM acts
as a calibration-aware arbiter, intervening more when confidence estimates are less reliable.

From a business-intelligence perspective, the per-prediction natural-language expla-
nations are immediately interpretable by non-technical stakeholders, enabling auditable,
human-overseen sentiment pipelines. The methodology is aligned with transparent-by-
design XAI principles and is applicable to any domain where ensemble classification
outputs require justification.
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