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ABSTRACT

The subjective and unstructured nature of coffee tasting notes creates a
significant data annotation bottleneck, limiting the application of computa-
tional methods in sensory science. This study introduces a novel end-to-end
framework for automating multi-label coffee flavor classification, integrat-
ing LLM-driven annotation with transformer-based classification and local
interpretability analysis. Google’s Gemini-1.5-Flash was employed to per-
form evidence-based annotation on 8,327 expert evaluations authored by
certified Q Graders, generating a high-quality training dataset across 17
flavor categories. Critically, the Q Grader provenance of the source texts
enables a reverse-mapping validation framework: statistically significant
and directionally coherent correlations between LLM-derived labels and ex-
pert quantitative scores (Floral r = 0.32, Roasted r = —0.25, all p < 0.001)
provide implicit ground truth without requiring separate annotation effort.
Reliability analysis revealed substantial consistency for concrete physical
descriptors (mean x = 0.68) but notably lower agreement for abstract
sensory concepts such as Mouthfeel (x = 0.10), identifying two distinct
reliability regimes that define the framework’s operational boundaries. A
fine-tuned BERT model trained on these annotations outperformed a TF-
IDF baseline, achieving a Micro Fl-score of 0.9164 versus 0.8763 and a
Hamming Loss of 0.0640 versus 0.0969. To address severe class imbal-
ance (up to 125x), Focal Loss (7 = 2.0) combined with per-class threshold
optimization successfully recovered detection of rare defect categories, im-
proving Macro-F1 from 0.656 to 0.719. Local interpretability analysis via
LIME further confirmed that model predictions align with domain-expert
sensory reasoning. These results demonstrate that an LLM-driven anno-
tation pipeline offers a scalable, transparent, and effective solution to the
data bottleneck in sensory science, establishing a robust methodological
foundation for interpretable classification across other sensory-driven do-
mains.
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1. INTRODUCTION

In the specialty coffee industry, tasting notes such
as “berry-like acidity with floral undertones and a
hint of dark chocolate’ play a critical role. These
descriptors serve as a shared sensory language that
shapes pricing, quality communication, and consumer
perception across global supply chains. They de-
fine customer expectations and foster trust among
farmer, producers, traders, and consumers. Typi-
cally, trained Q Graders generate these notes during

standardized cupping sessions [1], linking subjective
sensory impressions to objective quality assessments.
Consequently, tasting notes exert substantial influ-
ence on market acceptance and help coffee producers
differentiate their products [2], [3].

Despite their importance, sensory descriptions re-
main largely unstructured, inconsistently annotated,
and highly subjective [2], [4]. This variability cre-
ates a major data-annotation bottleneck that im-
pedes the integration of tasting notes into digital
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cupping platforms, blockchain-based traceability sys-
tems, and data-driven quality-control pipelines [5],
[6]. While structured frameworks such as the Spe-
cialty Coffee Association (SCA) Flavor Wheel [7], [8]
and the World Coffee Research (WCR) Sensory Lexi-
con [9] provide standardized terminology, the central
challenge persists: manually aligning vast free-text
archives with these lexicons remains labor-intensive
and time-consuming [10], [11].

Recent advances in Natural Language Processing
(NLP) offer a means to overcome this data bottle-
neck. Transformer-based architectures—particularly
Bidirectional Encoder Representations from Trans-
formers (BERT) demonstrate strong capacity to cap-
ture the semantic and syntactic complexity of human
language, making them well-suited for modeling nu-
anced sensory descriptions [12-14]. However, their
effectiveness depends critically on the availability of
large, high-quality labeled datasets—a resource still
scarce in sensory science. We posit that integrat-
ing state-of-the-art classification models with gener-
ative Large Language Models (LLMs) constitutes a
paradigm shift: such integration enables both the
classification of sensory text and the creation of large-
scale, structured, evidence-based datasets essential
for robust model development.

This study introduces a comprehensive frame-
work for automated coffee-flavor profiling within this
emerging paradigm. The methodology begins by
employing Google’s Gemini-1.5-Flash LLM to per-
form automated multi-label annotation of coffee tast-
ing notes, requiring the model to generate explicit
textual evidence for each defined flavor label. Us-
ing the resulting high-quality dataset, we conduct a
comparative analysis demonstrating that a fine-tuned
BERT model significantly outperforms a traditional
Term Frequency—Inverse Document Frequency (TF-
IDF) baseline in this complex multi-label classifica-
tion task. To ensure transparency, we apply Local In-
terpretable Model-agnostic Explanations (LIME) to
clarify BERT’s decision process and relate its expla-
nations to the evidence originally produced by the
LLM. Finally, we validate the model’s textual com-
prehension by correlating its predicted flavor profiles
with quantitative sensory evaluations from profes-
sional cuppers, establishing a strong foundation for
future automated sensory-analysis research.

2. RELATED WORK

2.1 The Challenge of Structuring Sensory
Data

Structured lexicons have long been employed in
the specialty coffee industry to systematize the in-
herently subjective realm of sensory perception. The
SCA Flavor Wheel and the WCR, Sensory Lexicon ex-
emplify standardized frameworks that provide a com-
mon vocabulary, facilitating communication among
cuppers, roasters, and consumers. These tools con-

tinue to evolve; for example, Spencer et al. [11] ap-
plied empirical methods to refine the flavor wheel so
it aligns more closely with expert perceptual classifi-
cations. Nonetheless, these developments underscore
an essential truth: flavor language is culturally de-
pendent. The emergence of localized lexicons, such as
those created for Japanese tasters [15], demonstrates
how sensory descriptors are deeply embedded within
regional and linguistic contexts.

Real-world tasting notes further complicate this
landscape. A single coffee rarely corresponds to
one attribute; rather, it embodies a constellation
of simultaneous flavors, aromas, and tactile sensa-
tions—making flavor classification inherently a multi-
label task [13]. Moreover, sensory descriptors of-
ten exhibit hierarchical relationships, such as “citrus”
representing a subcategory of “fruity,” as reflected
in the design of the SCA Flavor Wheel. Although
models capable of handling hierarchical multi-label
structures have grown increasingly sophisticated [16],
a major bottleneck remains: manually mapping large
volumes of unstructured narrative text onto these
complex taxonomies is prohibitively slow and costly.
This scarcity of structured data has, until now, con-
strained the application of computational methods
for large-scale sensory analysis.

2.2 Computational Approaches to Sensory
Text Classification

Early computational studies of sensory text em-
ployed techniques such as Latent Semantic Analysis
(LSA) to uncover patterns in domains like wine tast-
ing [17]. While such approaches, together with tra-
ditional bag-of-words models, offered useful insights,
they failed to capture the syntactic complexity and
nuanced contextual cues inherent in tasting notes.
In this study, we establish a baseline using a stan-
dard TF-IDF approach, providing a clear and inter-
pretable benchmark against which to evaluate the
performance gains achieved by more sophisticated
models.

The emergence of transformer-based architec-
tures—most notably BERT—marked a major ad-
vancement. By learning deep contextual representa-
tions of language, these models have significantly im-
proved performance across food and beverage appli-
cations. Domain-specific variants such as DILBERT
for aspect extraction [18] and AgriBERT for nutri-
tional analysis [19] demonstrate strong domain adapt-
ability. Their consistent superiority over traditional
methods [18], [20] suggests that similar techniques
could yield substantial benefits for coffee-flavor anal-
ysis as well.

However, the performance of transformer models is
inherently tied to the quality and scale of their train-
ing data. Their sophisticated contextual understand-
ing can only be realized when large, accurately la-
beled datasets are available. Yet, the persistent data-
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annotation bottleneck continues to impede progress,
creating a critical gap between modeling capability
and practical deployment.

2.3 The Emerging Paradigm: LLM-Driven
Annotation and the Imperative for Ex-
plainability

The advent of powerful instruction-tuned LLMs
introduces a transformative approach to overcoming
the data-annotation bottleneck. A rapidly expand-
ing body of research now explores LLMs as scalable,
high-quality annotators capable of performing com-
plex labeling tasks with minimal human oversight—a
practice often described as programmatic labeling or
weak supervision [21][35]. By exchanging modest hu-
man effort in prompt design for large quantities of
labeled data, this paradigm enables the creation of
extensive, nuanced datasets that have long been ab-
sent from sensory-classification research.

Yet this increasing automation heightens the need
for transparency and accountability. Trust in model
outputs requires mechanisms for evaluating their un-
derlying reasoning. In this context, Explainable Al
(XAI) transitions from a valuable accessory to an es-
sential component of scientific inquiry. Techniques
such as LIME [22] and SHAP [23] are now funda-
mental for interpreting the predictions of black-box
models in high-impact domains such as agriculture
[24] and coffee science [25], enabling experts to ver-
ify whether model decisions are grounded in relevant
features.

Our research lies at the intersection of these two
emerging directions. Although prior studies have ap-
plied transformer models to sensory text or employed
XAI for interpretability, a critical gap persists. No ex-
isting work has developed an end-to-end framework
that (1) uses an LLM for fine-grained, evidence-based
multi-label annotation; (2) trains a state-of-the-art
transformer model on this data; and (3) closes the
loop by employing XAI to connect the model’s pre-
dictions directly to the textual evidence generated by
the LLM annotator. This study addresses that gap,
presenting a framework that is not only accurate but
also transparent and verifiable throughout.

3. MATERIALS AND METHODS

The generative artificial intelligence (GenAl)
model — Google’s Gemini-1.5-Flash — served as the
core component of the data-annotation pipeline. It
was employed to perform multi-label classification
and extract textual evidence from coffee reviews,
thereby producing the training dataset for down-
stream deep-learning models. Figure 1 presents an
overview of the methodological framework, which sys-
tematically supports the development, comparison,
and interpretation of models for multi-label coffee-
flavor classification. The process begins with data

acquisition and the construction of a robust flavor-
category schema grounded in standardized sensory
lexicons. Two complementary annotation strategies
were implemented and compared: (1) a generative
approach leveraging a large language model (LLM),
and (2) a rule-based approach employing determin-
istic text matching. The resulting annotations were
then used to train two modeling pathways — a base-
line TF-IDF model and a fine-tuned BERT classifier
— which were evaluated for predictive accuracy, in-
terpretability, and alignment with quantitative sen-
sory attributes.

Coffee Review Dataset
(8,327 reviews)

1. Data Annotation
s Y

Creates primary dataset
extual evidence
for each labe:

Rule-Based Annotator
(spaCy)

LLM Annotator
(Geminiy

2. Modeling & Training
. | A 4

TF-IDF + L

BERT Classifier Reg
(Baseline l:Eodalj

(Primary Model)

3. Validation & Interpretation
v 4 £

Explains BERT's decisions
by highlighting influentia
words for transparency

LIME Explainer Correlation Analysis

Fig.1: Flavor classification framework with three
stages: annotation, training, and validation.

3.1 Dataset and Preprocessing

This study utilized a dataset comprising 8,327 ex-
pert coffee evaluations, primarily contributed by cer-
tified Q Graders, obtained from the publicly avail-
able Coffee Review database [26]. The data were
used exclusively for academic research and analysis.
For each record, the Blind Assessment and Notes
fields were extracted and concatenated into a single
text column to serve as the primary corpus for fla-
vor profiling. To prevent processing errors, missing
values were replaced with empty strings. Quantita-
tive attributes—including Acidity, Aroma, and Final
Score—were retained for the final validation analysis.
Each review was assigned a unique identifier to en-
sure traceability throughout the processing pipeline.
Table 1 summarizes the key characteristics of the
dataset.

3.2 Dataset Characteristics

Prior to annotation, an exploratory data analy-
sis (EDA) was conducted to characterize the dataset.
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(b) Review Text Length Distribution
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Fig.2: Distribution of final scores in the coffee review dataset.

Table 1: Dataset Characteristics.
Characteristic Value
Total Number of Reviews 8,327
Number of Unique Coffees 7,023
Number of Unique Roasters 1,534
Average Review Text Length (words) | 112.73

The 8,327 reviews contained an average of 112.7
words per review (median: 106.0 words). Final
Scores ranged from 52 to 98 (mean = 91.22, SD
= 3.94), exhibiting a left-skewed distribution consis-
tent with specialty-coffee selection bias toward high-
quality samples (Figure 2). Missing values were
minimal for primary text fields (Blind Assessment:
0.01%; Notes: 0.02%) but more prevalent for Acid-
ity /Structure (15.7%) and Aftertaste (10.5%), which
were handled via pairwise deletion in all correlation
analyses. The label distribution revealed a severe
class imbalance ratio of 113.6x across the full dataset
(Mouthfeel: 8,178; Cereal: 72), rising to 125x within
the training partition (Mouthfeel: 6,543; Cereal: 53)
as illustrated in Figure 4.

3.3 Flavor Category Construction

To construct a reproducible and domain-relevant
taxonomy of flavor labels, 17 parent categories were
established through an evidence-based, systematic in-
tegration of two authoritative sources: the WCR, Sen-
sory Lexicon, noted for its scientific rigor, and the
SCA Flavor Wheel, recognized for its hierarchical or-
ganization and widespread industry adoption.

These resources were merged to produce a consoli-
dated list of 139 sensory descriptors, which were har-
monized using four structured consolidation strate-
gies:

e Direct Mapping — conceptually equivalent
terms were merged into a single parent category
(e.g., Fruity included both WCR’s Strawberry
and SCA’s Berry).

e Hierarchical Consolidation — terms were ar-

ranged at the most appropriate level of abstrac-
tion, such as establishing a distinct Dried Fruit
category to separate these notes from Fresh
Fruit.

e Conceptual Grouping — descriptors reflect-
ing similar sensory experiences were unified
even when organized differently across sources
(e.g., fermentation- and acidity-related terms
grouped under Sour/Fermented; tactile descrip-
tors grouped under Mouthfeel).

e Defect and Off-Note Grouping — unfavorable
descriptors such as Stale/Papery and Chemical
were assigned to dedicated defect categories.

The finalized set of 17 parent categories com-

prises Fruity, Floral, Sweet, Nutty, Chocolate, Spicy,
Sour/Fermented, Green/Vegetative, Roasted, Cereal,
Savory, Dried Fruit, Earthy, Chemical, Stale/Papery,
Mouthfeel, and Other.

3.4 Comparative Annotation Strategies

The systematic comparison of annotation method-
ologies constituted a core component of this study.
Accordingly, two complementary pipelines were de-
signed to generate and assign flavor labels to the
dataset: a rule-based deterministic approach and a
LLM-driven generative approach.

3.4.1 Rule-Based Annotation

A deterministic baseline was implemented using
spaCy’s PhraseMatcher [27]. A custom lexicon, des-
ignated FLAVOR_LEXICON_SPACY, was developed
by mapping synonyms and descriptive terms to the 17
parent flavor categories. Review texts were prepro-
cessed through normalization—lowercasing, whites-
pace removal, and punctuation cleaning—before ap-
plying phrase matching to produce a binary label vec-
tor for each review.

3.4.2 LLM-Powered Generative Annotation

In parallel, a generative annotation pipeline was
developed using Google’s Gemini-1.5-Flash model, se-
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Fig.3: Fleiss’ k per flavor category and its relationship with label prevalence (n = 300, 3 runs, temperature
= 0.0). Mouthfeel appears as a notable outlier — high prevalence (87%) yet near-zero agreement (k = 0.10),

indicating systematic over-assignment bias.

lected for its superior performance on long-context
reasoning and structured text generation tasks. How-
ever, to ensure reproducibility, future work will ex-
plore open-weight alternatives that can replicate sim-
ilar capabilities within a transparent environment.
Through targeted prompt engineering, the model was
guided to produce both categorical labels and corre-
sponding textual evidence supporting each classifica-
tion decision. The structured output was program-
matically parsed to yield two artifacts per review: (1)
a binary label vector, and (2) an LLM-generated ev-
idence dictionary linking each flavor category to its
relevant textual span. This evidence formed the foun-
dation for the interpretability analyses described in
later sections.

3.5 Reliability of the Annotation Process

To evaluate the reproducibility of the generative
annotation process, inter-rater reliability was mea-
sured using a random subset of 300 reviews, each an-
notated three independent times under identical API
parameters (temperature = 0.0). Fleiss’ Kappa (k)
was calculated for each flavor category, treating each
model run as an independent rater [36].

As shown in Table 2, the mean x value
was 0.68, representing substantial agreement un-
der the Landis and Koch interpretation.  Sev-
eral categories—including Cereal (k = 0.79),
Green/Vegetative (v = 0.78), and Earthy (k =
0.78)—approached almost-perfect reliability. In con-
trast, Sweet (k = 0.40) and Mouthfeel (v = 0.10)
exhibited considerably lower agreement, highlighting
the difficulty of consistently identifying abstract or
context-dependent sensory descriptors.

It is important to distinguish reliability from va-
lidity in this context. Fleiss’ k measures the consis-
tency of the annotation process across independent
LLM runs, not the accuracy of labels relative to a hu-

Table 2: Fleiss’ Kappa Scores for Inter-Rater Reli-
ability of LLM Annotation.

Flavor Category | Fleiss’ Kappa (k)
Cereal 0.7907
Green/Vegetative 0.7771
Earthy 0.7775
Sour/Fermented 0.7742
Savory 0.7756
Other 0.7693
Spicy 0.7609
Stale/Papery 0.7586
Chemical 0.7532
Nutty 0.7474
Roasted 0.7203
Dried Fruit 0.7100
Chocolate 0.7042
Floral 0.6824
Fruity 0.5806
Sweet 0.3979
Mouthfeel 0.0993
Average 0.6811

man gold standard. Notably, Mouthfeel exhibited x
= 0.10 despite being assigned to 98.2% of all reviews,
suggesting that its high prevalence may reflect sys-
tematic over-assignment rather than genuine seman-
tic consensus. A post-hoc analysis further revealed a
strong negative correlation between label prevalence
and inter-rater agreement (Pearson r = -0.780, p =
0.0002; Figure 3), identifying two distinct reliability
regimes: (1) concrete physical descriptors (k > 0.70)
anchored to explicit lexical terms—such as cedar,
cashew, and chemical odor—which exhibit Substan-
tial agreement; and (2) abstract or tactile categories
(k < 0.40), namely Sweet and Mouthfeel, which de-
pend on holistic sensory interpretation and are often
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expressed indirectly (e.g., silky finish, round body)
rather than through explicit flavor terms. Accord-
ingly, conclusions drawn from Mouthfeel and Sweet
labels should be interpreted with caution, and the
framework is considered most reliable for the 15 cat-
egories with x > 0.58.

Future work will construct a human-annotated
gold standard (n > 500 reviews, Q Grader—certified)
to directly assess annotation validity and further
characterize the boundary between reliable and un-
reliable LLM annotation in sensory science contexts.

3.6 Modeling and Evaluation

Two complementary modeling paradigms were em-
ployed to establish both a classical baseline and a
deep learning—based solution: (1) a TF-IDF + Lo-
gistic Regression model and (2) a fine-tuned BERT
classifier. The following subsections describe the pre-
processing, model architecture, and training proce-
dures for each, followed by the experimental design
and evaluation methodology.

3.6.1 TF-IDF + Logistic Regression

For the classical baseline, review texts were pre-
processed using NLTK [28] through tokenization,
stopword removal, and punctuation stripping. The
cleaned corpus was vectorized via scikit-learn’s Tfid-
fVectorizer, configured to extract both unigrams and
bigrams, restricted to the top 5,000 features ranked
by TF-IDF score. These representations were input
into a one-vs-rest logistic-regression classifier trained
with class weighting to mitigate label imbalance.

3.6.2 Fine-Tuned BERT

For the deep learning approach, the concate-
nated review text was tokenized using the bert-base-
uncased tokenizer. All sequences were padded or
truncated to a uniform length of 256 tokens. The
model architecture comprised a pre-trained BERT en-
coder, a dropout layer (rate = 0.3) for regularization,
and a fully connected output layer generating logits
for the 17 flavor categories. The network was fine-
tuned for 5 epochs using the AdamW optimizer (Ir =
2x 1075, weight decay = 0.01) with a linear learning-
rate scheduler incorporating 10% warmup steps. To
address the severe class imbalance — with imbalance
ratios of up to 125x for Cereal (53 positive training
samples), 86x for Chemical (77 samples), and 76x
for Stale/Papery (87 samples) — Focal Loss (y = 2.0)
[34] was employed in place of standard binary cross-
entropy. Focal Loss applies a modulating factor (1
- p_t)"y that down-weights the loss contribution of
easy, well-classified examples, thereby directing the
training signal toward hard and rare instances.

While Focal Loss improved overall Macro-F1
marginally (+0.002), the three rarest defect cate-
gories remained undetected at the standard decision

threshold (7 = 0.5) due to extreme data sparsity. Per-
class threshold optimization (Section 3.7) was there-
fore applied as a complementary strategy, selecting
the threshold 7* that maximizes Fl-score for each
class independently via the precision-recall curve.

3.6.3 Experimental Setup and Evaluation

Experiments were executed in Google Colab, uti-
lizing Python 3.10 and NVIDIA T4 GPU accelera-
tion. Deep learning models were implemented in Py-
Torch [29] with the Hugging Face Transformers li-
brary [30], while scikit-learn [31] was used for base-
line modeling and metric computation. The dataset
was partitioned into 80% training and 20% testing
subsets using iterative stratification to maintain bal-
anced label distributions across splits. A consistent
random seed was applied to all experiments to ensure
reproducibility.

Although k-fold cross-validation was not per-
formed due to the prohibitive computational cost of
fine-tuning BERT across multiple folds, the stabil-
ity of results was assessed via bootstrap resampling
(B = 1,000, seed = 42) applied to the held-out test
set, which provides equivalent variance estimation
for large test sets [33]. This procedure was applied
to compute 95% confidence intervals for all primary
evaluation metrics across all model configurations, in-
cluding both BCE and Focal Loss variants at stan-
dard (7 = 0.5) and optimized (7*) decision thresh-
olds.

Model performance was evaluated using several
multi-label metrics:

1. Hamming Loss (|) — the proportion of labels

incorrectly predicted.

2. F1-Score (Micro and Macro) — captures overall
performance while weighting rare labels equally;
per-label reports were also generated for preci-
sion, recall, and F'1 across the 17 categories.

3. Label Ranking Average Precision (LRAP) — as-
sesses the model’s ability to assign higher ranks
to correct labels [32].

3.7 Validation and Interpretability

Beyond standard predictive metrics, we further
evaluated the alignment between model reasoning
and human sensory expertise through three comple-
mentary strategies: threshold optimization, local in-
terpretability analysis, and correlation with expert
Sensory scores.

3.7.1 Per-Class Decision Threshold Optimization.

The standard decision threshold (7 = 0.5) is sub-
optimal for heavily imbalanced multi-label classifica-
tion, as the model rarely assigns high confidence to
rare defect categories. To address this, we applied
per-class threshold optimization by selecting, for each
label independently, the threshold 7* that maximizes
the Fl-score on the test set via the precision-recall
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curve. This approach recovered non-zero F1l-scores
for all three previously undetected defect classes:
Cereal (7* = 0.214, F1 = 0.124), Chemical (7* =
0.266, F1 = 0.304), and Stale/Papery (7* = 0.250,
F1 = 0.220). The notably low optimal thresholds
for these classes reflect the model’s tendency to as-
sign only moderate probability mass to rare cat-
egories even after Focal Loss training, consistent
with the extreme data sparsity observed (support =
19, 25, and 24 test samples respectively). Overall,
per-class threshold optimization improved Macro-F1
from 0.656 [0.6505-0.6619] to 0.719 [0.7064—0.7305]
(4+0.063), a statistically significant improvement con-
firmed by non-overlapping bootstrap confidence inter-
vals (B = 1,000). This demonstrates that the combi-
nation of Focal Loss and threshold tuning is necessary
to surface rare flavor defects that would otherwise be
entirely missed, albeit at the cost of increased Ham-
ming Loss (0.0857 vs. 0.0765 at 7 = 0.5), reflecting
an intentional precision-recall trade-off whereby lower
decision boundaries increase sensitivity to rare defect
categories at the expense of additional false positives.

It should be noted that threshold optimization was
performed on the held-out test set as a post-hoc di-
agnostic procedure to assess latent model capability,
rather than as a model selection step. This approach
was adopted deliberately to answer a specific research
question: whether BERT had internalized semantic
features for rare defects despite producing zero F1 at
7 = 0.5. The results confirm that it had. In deploy-
ment settings, thresholds should be calibrated on a
separate validation partition to avoid optimistic bias.

3.7.2 Local Interpretability via LIME.

To evaluate the alignment between model reason-
ing and human sensory expertise, we applied the
LIME framework to our fine-tuned BERT model. A
custom integration wrapper was implemented to in-
terface LIME with our PyTorch-based classifier, en-
abling instance-level interpretability by generating
explanations for individual predictions. These visu-
alizations highlighted the specific tokens and phrases
within each coffee review that most strongly influ-
enced the model’s decision to assign — or withhold
— a given flavor label.

3.7.3 Correlation with Expert Sensory Scores.

To validate model outputs against expert sen-
sory knowledge, two complementary correlation anal-
yses were performed. The first employed the
Point—Biserial correlation coefficient to measure the
association between the binary LLM-generated fla-
vor labels and the continuous expert quality scores
— an appropriate approach for relationships between
dichotomous and continuous variables. The second
employed the Pearson correlation coefficient to assess
the linear relationship between the BERT model’s
continuous predicted probabilities for each flavor cat-

egory and the same expert scores. The results of
both analyses are presented as heatmaps, providing
a clear visual representation of how effectively our
framework translates flavor descriptions into a lan-
guage that aligns with expert sensory assessments.
All reported correlations were tested for statistical
significance, reported as * p < 0.05, ** p < 0.01,
and *** p < 0.001 (two-tailed). All reported correla-
tions survived Bonferroni correction (o = 0.05/102 =
0.00049). Correlation coefficients were computed on
n = 6,236 reviews with complete sensory score data.
Confidence intervals were computed using bootstrap-
ping to confirm the robustness of the relationships.

4. RESULTS

This section presents a concise yet comprehensive
account of the experimental results, including their
interpretation and the conclusions derived from them.
It discusses the outcomes of the data annotation
strategies, the quantitative validation of those anno-
tations, the performance of the classification models,
and key insights obtained from interpretability anal-
yses.

4.1 Data Annotation Outcomes and Method
Comparison

4.1.1 LLM-Based Annotation and Label Distribu-
tion

The first stage of this investigation involved con-
structing a labeled dataset suitable for training su-
pervised machine learning models. The distribution
of LLM-assigned flavor labels across the dataset is
summarized quantitatively in Figure 4, illustrating
the relative prevalence of each category as inferred
by the model. Notably, Mouthfeel was the most fre-
quently identified attribute, appearing in 8,178 re-
views (98.21%), followed by Sweet (7,429; 89.22%)
and Fruity (6,878; 82.60%). This pattern suggests
that these sensory dimensions are particularly salient
within professional coffee evaluations. Conversely,
Cereal (72; 0.86%) and Chemical (102; 1.22%) oc-
curred far less frequently, reflecting their relative rar-
ity in expert descriptions.

During automated annotation, occasional cases
arose where the LLM generated subcategories that
were more specific or slightly divergent from the
predefined parent taxonomy—for example, propos-
ing Citrus as distinct from Fruity. The annotation
pipeline systematically resolved such cases by map-
ping fine-grained descriptors to their corresponding
parent categories. Although handled programmati-
cally, these occurrences highlight the LLM’s inherent
capacity to recognize subtle semantic nuances, sug-
gesting potential for future fine-grained flavor model-
ing and domain lexicon expansion.
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Fig.4: Frequency distribution of LLM-annotated fla-
vor labels across the dataset.

4.1.2 Comparison with Rule-Based Annotation

For comparative evaluation, a rule-based annota-
tion was conducted using spaCy’s PhraseMatcher. A
quantitative summary of label frequencies and agree-
ment metrics between the LLM (Gemini-1.5-Flash)
and spaCy-based methods is presented in Table 3.
Strong concordance was observed for categories char-
acterized by explicit lexical indicators, such as Choco-
late (Jaccard Index = 0.9690).

In contrast, pronounced divergences were evident
for more context-dependent categories such as Flo-
ral and Earthy, where the LLM produced substan-
tially higher instance counts. This pattern reflects
the model’s capacity to infer contextual cues beyond
the constraints of spaCy’s fixed lexicon. Conversely,
the spaCy approach assigned the Other label far more
frequently (5,697 vs. 923 instances), likely due to
its non-exhaustive vocabulary coverage, whereas the

LLM systematically mapped ambiguous descriptors
to specific parent categories. Collectively, these re-
sults highlight the fundamental methodological con-
trast between a contextual, inference-driven model
and a strict lexical-matching algorithm.

4.2 Quantitative Validation of LLM Annota-
tions

Although a formally constructed human-annotated
gold standard remains a goal for future work, we ar-
gue that the present dataset provides a form of im-
plicit expert validation. The source texts were au-
thored by certified Q Graders — the recognized gold
standard for sensory evaluation in the specialty cof-
fee industry. The LLM annotation task is therefore
essentially a reverse mapping: inferring structured la-
bels from text already produced by domain experts
with established credentials. Under this framing, a
meaningful correlation between LLM-derived labels
and the Q@ Graders’ own independent quantitative
scores would constitute indirect evidence of annota-
tion validity — since systematic mislabeling would
not be expected to produce coherent, directionally
consistent correlations with expert judgments. The
following correlation analysis directly tests this hy-
pothesis by examining whether LLM-derived labels
align with the Q Graders’ own independent quantita-
tive assessments.

To quantitatively evaluate the validity of LLM-
generated annotations, we examined the relationship
between the 17 binary flavor labels and the six con-
tinuous sensory scores assigned by human experts.
The Point—Biserial correlation coefficient, an appro-
priate measure for binary—continuous variable pairs,

Table 3: Comparison of LLM (Gemini-1.5-Flash) and spaCly (rule-based) annotation results across 17 parent

flavor categories.

Parent LLM LLM % of spaCy spaCy % of | Difference | Jaccard
Category Instances Dataset Instances Dataset Index

Mouthfeel 8,178 98.21% 6,127 73.58% 2,051 0.7460
Sweet 7,429 89.22% 6,681 80.23% 748 0.8731
Fruity 6,878 82.60% 4,998 60.02% 1,880 0.6927
Chocolate 6,031 72.43% 5,980 71.81% 51 0.9690
Floral 5,755 69.11% 2,521 30.28% 3,234 0.4363
Sour /Fermented 3,159 37.94% 6,288 75.51% -3,129 0.4275
Nutty 3,109 37.34% 2,086 25.05% 1,023 0.6667
Spicy 2,657 31.91% 1,185 14.23% 1,472 0.4245
Earthy 2,608 31.32% 396 4.76% 2,212 0.1114
Dried Fruit 2,318 27.84% 788 9.46% 1,530 0.3034
Roasted 2,179 26.17% 2,171 26.07% 8 0.3666
Savory 1,765 21.20% 1,231 14.78% 534 0.6160
Green/Vegetative 1,658 19.91% 2,323 27.90% -665 0.3134
Other 923 11.08% 5,697 68.42% -4,774 0.1141
Stale/Papery 111 1.33% 278 3.34% -167 0.0896
Chemical 102 1.22% 203 2.44% -101 0.0664
Cereal 72 0.86% 175 2.10% -103 0.1126
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was employed to assess both the direction and mag-
nitude of these associations. All correlations were
tested for statistical significance (two-tailed), and all
reported *** values survived Bonferroni correction («
= 0.05/102 = 0.00049). Confidence intervals were
computed via bootstrap resampling (B = 1,000, seed
= 42) on n = 6,236 reviews with complete sensory
score data.

The results, summarized in Table 4 and visualized
as a clustermap in Figure 5, demonstrate a statisti-
cally significant and conceptually coherent alignment
with established sensory science principles. Although
most correlation coefficients fell within the weak-to-
moderate range — consistent with the multidimen-
sional character of sensory evaluation — the overall
trends reinforce the robustness of the proposed anno-
tation framework.

Favorable sensory categories such as Floral and
Fruity exhibited the strongest positive correlations
with Final Score (r = 0.32, p < 0.001 and r = 0.29,
p < 0.001, respectively), indicating that the LLM ef-
fectively captured textual cues linked to high-quality
flavor attributes. Conversely, categories associated
with sensory defects — Roasted, Stale/Papery, and
Chemical — showed the most pronounced negative
correlations with Final Score (r = -0.25, r = -0.21,
and r = -0.18, all p < 0.001). While the magnitudes
of these coeflicients are modest, their statistical sig-
nificance and consistent directionality across quality
indicators lend credibility to the model’s discrimina-
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Fig.5: Point—Biserial correlation heatmap showing
associations between LLM-derived flavor labels and
expert sensory scores.

tive capability.

Two categories warrant particular interpretive
caution. First, Cereal showed no statistically signifi-
cant correlation with any sensory score (all p & 0.05;
Table 4, T ), likely due to its extreme rarity (n =

Table 4: Correlation Coefficients (r) Between LLM-Generated Labels and Human Sensory Scores.

Flavor Category | Final Score | Aroma | Acidity/ Body Flavor | Aftertaste
Structure

Positive Correlates

Floral 0.32%%* 0.28*** 0.28%** 0.23*** 0.29%*** 0.21%%*
Fruity 0.29%** 0.25%*** 0.28%** 0.16*** 0.25%** 0.21%%*
Spicy 0.14%%* 0.14*** 0.14%** 0.16*** 0.12%** 0.09%***
Mouthfeel 0.08%** | 0.07%F* 0.08%** | 0.09%F* | 0.07*** 0.04%**
Sweet 0.07%F*F | 0.06%** 0.06%** | 0.05%FF | 0.07*** 0.05%**
Sour/Fermented 0.05%** [ 0.06*** 0.09%** 0.03%*F | 0.04%** 0.00
Chocolate 0.06%** | 0.08%** 0.02 | 0.05%** | 0.05%** 0.05%**
Dried Fruit 0.02 0.04** -0.01 | 0.08%F* | 0.05%*** -0.03%*
Other 0.05%** | 0.05%** 0.02 0.04** 0.04** 0.04**
Savory -0.00 0.02 -0.02 | 0.05%** 0.00 -0.03*
Negative Correlates

Roasted -0.25%F% | _0.20%** -0.22FF% | _0.17*** | -0.19%HF -0.17HF*
Stale/Papery S0.21°0F% | -0.17F** SO17FFR L 011 | -0.20%HF -0.18%%*
Chemical -0.18%FF% | _0.16%** S0.14°0F% | _0.09%** | -0.15%H* -0.15%%*
Earthy -0.06*** | -0.05%** -0.08%** 0.02 | -0.06*** -0.07***
Green/Vegetative -0.05%** | -0.03%* -0.03* -0.02 0.00 -0.05%**
Nutty -0.04%* | -0.04** -0.02 0.02 -0.00 -0.05%**
Cerealt -0.01 -0.02 -0.02 0.02 -0.02 -0.01

(a)p = Point-Biserial correlation coefficient. * p < 0.05, ** p

< 0.01, ®* p < 0.001 (two-tailed). All ***

values survive Bonferroni correction (@ = 0.05/102 = 0.00049). Confidence intervals computed via
bootstrap resampling (B = 1,000). Cells without marker: p > 0.05. n = 6,236 reviews with complete sensory

score data.
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72 instances, 0.86% prevalence), which severely lim-
its statistical power. Second, Mouthfeel and Sweet —
the two categories with the lowest inter-rater reliabil-
ity (k = 0.10 and xk = 0.40, respectively; Section 3.5)
— exhibited weak but statistically significant posi-
tive correlations with Final Score (r = 0.08 and r
= 0.07, p < 0.001). Given the evidence of system-
atic over-assignment for these categories, these corre-
lations likely reflect the ubiquity of tactile and sweet-
ness language in high-quality specialty coffee reviews
rather than precise semantic labeling.

Collectively, these findings provide empirical ev-
idence that the proposed LLM-driven annotation
framework captures linguistic patterns that meaning-
fully correspond to human sensory judgments and
expert-based quality assessment. The framework
demonstrates strongest validity for the 15 categories
with K > 0.58, where annotation reliability and
correlation coherence converge to support confident
interpretation. Having established the validity of
the LLM-generated annotations, the following sec-
tion evaluates the performance of classification mod-
els trained on this dataset.

4.3 Model Performance Evaluation
4.3.1 Overall Performance Metrics

The comparative performance of the two mod-
els is summarized in Table 5. The fine-tuned
BERT classifier consistently outperformed the TF-
IDF + Logistic Regression baseline across three of
the four primary evaluation metrics, achieving a
markedly lower Hamming Loss (0.0640 [95% CI:
0.0626-0.0653] vs. 0.0969 [0.0954-0.0985]), a higher
Micro-Averaged Fl-score (0.9164 [0.9148-0.9182] vs.
0.8763 [0.8743-0.8784]), and a higher Label Ranking
Average Precision (0.9714 [0.9703-0.9725] vs. 0.9512
[0.9495-0.9528]). Non-overlapping bootstrap confi-
dence intervals (B = 1,000) for these three metrics
confirm that BERT’s superiority is statistically sta-
ble and is not an artifact of a single data partition.

Notably, TF-IDF achieved a higher Macro F1-

score (0.7822 vs. 0.6836). This apparent advan-
tage reflects the TF-IDF model’s stronger keyword-
based matching for rare defect categories—for in-
stance, Cereal (TF-IDF F1 = 0.719 vs. BERT F1
= 0.000)—where direct lexical overlap compensates
for the lack of contextual understanding.

The bootstrap confidence intervals for Macro F1
do not overlap ([0.7749-0.7895] vs. [0.6770-0.6917]),
confirming that this difference is likewise stable.
However, this finding should be interpreted in con-
text: TF-IDF’s higher Macro F1 is driven primarily
by its performance on rare categories through surface-
level string matching, whereas BERT s initially lower
Macro F1 (at a standard decision threshold of 7=
0.5) reflected a failure to detect low-frequency defect
instances due to severe class imbalance. However, as
detailed in Section 3.7 and 4.3.2, a post-hoc threshold
tuning successfully recovered these latent capabilities,
elevating BERT’s Macro F1 to 0.7189.

It should be noted that per-class threshold opti-
mization improves Macro-F1 at the cost of increased
Hamming Loss (0.0857 vs. 0.0765 at 7 = 0.5), reflect-
ing an intentional precision-recall trade-off whereby
lower decision boundaries increase sensitivity to rare
defect categories at the expense of additional false
positives across all labels.

4.3.2 Per-Category Performance Analysis

A detailed per-category Fl-score analysis, pre-
sented in Figure 6, further elucidates the performance
gap between models. Both approaches performed well
on lexically distinctive categories such as Mouthfeel,
yet BERT’s advantage became pronounced for cate-
gories requiring contextual understanding. Notably,
the model achieved significantly higher F1-scores for
nuanced descriptors like Nutty (0.97 vs. 0.92) and
Spicy (0.87 vs. 0.79), reflecting its capacity to model
semantic relationships beyond explicit lexical overlap.

However, when evaluated at a standard decision
boundary (7 = 0.5), the largest disparity emerged
for rare categories such as Cereal, Chemical, and
Stale/Papery, where BERT initially produced an F1-

Table 5: Model Comparison with Bootstrap 95% Confidence Intervals (B = 1,000)

Metric TF-IDF BERT (BCE, r=0.5) BERT (Focal, 7=0.5) | BERT (Focal, 7¥)
Hamming Loss | | 0.0969 [0.0954-0.0985] | 0.0640 [0.0626-0.0653] | 0.0765 [0.0733-0.0799] | 0.0857 [0.0821-0.0894
Micro F1 1 0.8763 [0.8743 0.8784] | 0.9164 [0.9148 0.9182] | 0.9001 [0.8955 0.9043] | 0.8918 [0.8873 0.8962
Macro F1 1 0.7822 [0.7749-0.7895] | 0.6836 [0.6770 0.6917] | 0.6562 [0.6505 0.6619] | 0.7189 [0.7064 0.7305
LRAP 1 0.9512 [0.94950.9528] | 0.9714 [0.9703-0.9725] | 0.9659 [0.9630-0.9686] | 0.9659 [0.96300.9636

(b) BERT f(BCE7 7=0.5) initially produced F1 = 0.000 for all three rare defect categories, motivatin

adoption o

Focal Loss (y=2.0) and per-class threshold optimization. After both interventions, BER/

Macro-F1 improved to 0.7189 [0.7064-0.7305], approaching TF-IDF’s keyword-driven advantage on rare
categories (Cereal TF-IDF F1 = 0.719 vs. BERT Focal 7 F1 = 0.124). However, TF-IDF’s Macro-F1
advantage remains statistically significant as confirmed by non-overlapping bootstrap confidence intervals
([0.7749-0.7895] vs. [0.7064-0.7305]). Bootstrap Cls (B = 1,000, seed = 42) are reported for all model
configurations. Note that per-class threshold optimization improves Macro-F1 at the cost of increased
Hamming Loss (0.0857 vs. 0.0765), reflecting an intentional precision-recall trade-off for rare defect

detection.
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score of 0.00. In contrast, the TF-IDF baseline
achieved minimal yet non-zero scores via direct key-
word matching. To investigate whether BERT failed
to learn these features or merely lacked statistical
confidence, a per-class optimal threshold tuning was
conducted. Lowering the decision boundaries for the
minority classes successfully recovered BERT’s latent
detection capabilities, improving Fl-scores to 0.304
for Chemical (7* = 0.266), 0.220 for Stale/Papery (7*
= 0.250), and 0.124 for Cereal (7* = 0.214). This in-
dicates that while extreme imbalance suppresses ab-
solute predictive confidence, the LLM-BERT pipeline
does successfully extract relevant semantic features
for rare defects.

o8

» <

o
o

Fig.6: Per-category F1-score comparison for TF-
IDF + Logistic Regression, BERT with standard BCE
loss (1 = 0.5), and BERT with Focal Loss (y = 2.0)
and per-class optimal thresholds (7*). Optimal
thresholds are annotated inside bars for rare defect
categories. Shaded region marks low-frequency classes
where class imbalance most affects performance.

Top 2 predicted labels for sample 3532 (probabilities):
- Floral: Predicted Prob=0.9740 (True Label in data: 1)
- Nutty: Predicted Prob=0.9721 (True Label in data: 1)
Generating LIME explanation for sample 3532 (num_samples for LIME: 1000)...

Displaying LIME explanation in notebook for top predicted labels of sample 3532:

4.4 Model Interpretability and Prediction
Analysis

4.4.1 LIME Explanations for BERT

To enhance interpretability and model trans-
parency, LIME (Local Interpretable Model-Agnostic
Explanations) was applied to generate instance-level
explanations for selected samples from the test set.

As illustrated in Figure 7, these visualizations
highlight the textual features most influential in de-
termining each predicted flavor category. For exam-
ple, the model’s predictions for Floral and Nutty were
primarily driven by the presence of sensory-relevant
terms such as carnation, flowers, and cashew—a pat-
tern that closely aligns with human sensory reasoning
and domain-specific lexicons.

4.4.2 Correlation of Model Predictions with Sen-
sory Scores

To further evaluate the semantic validity of au-
tomated predictions relative to human expertise, we
examined the correlation between BERT-predicted
probabilities and the expert-assigned quantitative
sensory scores. A visual summary is provided in Fig-
ure 8. The resulting heatmaps reveal strong concep-
tual alignment, with BERT’s probabilistic outputs re-
flecting relationships consistent with professional sen-
sory logic. For instance, the predicted probability of
Fruity correlated positively with Final Score, Aroma,
and Flavor metrics, while Sour/Fermented exhibited
positive correlations with Acidity/Structure. These
patterns confirm that the model’s learned associa-
tions not only reflect statistical coherence but also
mirror the hierarchical reasoning processes employed
in expert coffee evaluation.

Prediction probabilities NOT Floral NOT Nutty
jcarnation cashew
Foral [ ]0.97 022 039
flowers cedar
VY — T
Mouthfeel 0.9 cut tar Evidence annotated
sweet [N 0.95 nouthf o
other [l mouthfeel “‘)‘;ﬁc‘ ¢ {'Fruity" ['lemon zest]} '[lemony'],
Delicate clean ¢ 'Floral': ['carnation]) '[flowers'],
- 004 003 | . * 'Sweet" ['sweetly bright]’, '[sweet-tart], '[uniquely sweet'],
igeey RS — * 'Nutty": ['roasted cashew'],
rare] mouthfeel ¢ 'Chocolate": ['cocoa'],
008 s * 'Green/Vegetative": ['fresh-cut cedar'],
clean| removed| X
002 002 ¢ 'Mouthfeel": ['satiny'],
roasted) jand * 'Roasted": ['roasted cashew'],
001 002 ., By =
vibrant| Coffee] * 'Earthy": ['cedar']}
001 002l

Text with highlighted words

Delicate, sweetly bright and gently lemony. Ripe lemon zest, fresh-cut cedar, carnation, roasted cashew, cocoa in aroma and cup. Roundly and lightly sweet-tart in
structure; satiny in mouthfeel. Quietly resonant in the finish: flowers and cedar. This coffee tied for the second-highest rating in a cupping of coffees from Brazil for
Coffee Review’s May 2018 tasting report. Processed by the pulped natural (the Brazilian term) or honey (the Central American term) method, in which the skin is
removed from the coffee fruit immediately after picking, but the seeds or beans are dried with all or part of the sweet pulp, or fruit flesh, still adhering to them. Corvus
Coffee Roasters is based in Denver, Colorado and specializes in rare and exclusive coffees from some of the finest growers in the world. Corvus particularly focuses on
processing methods and selective harvesting, which result in small, seasonal micro-lots of uniquely sweet, vibrant, and clean flavor profiles. For more information,

visitwww.corvuscoffee.com.

Fig.7: FEzxzample of LIME-generated token attributions for BERT predictions, demonstrating word-level in-
fluences on category assignments (Floral, Nutty).
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Fig.8: Correlation heatmaps showing relationships between BERT-predicted flavor probabilities and expert

sensory metrics.

5. DISCUSSION

This study demonstrates how large-scale annota-
tion challenges in sensory science can be effectively
addressed through an LLM-driven labeling frame-
work, enabling the development of more accurate and
interpretable flavor classification models. The op-
timized BERT model, trained on these generative
labels, achieved a Micro Fl-score of 0.9164 and a
Hamming Loss of 0.0640, markedly outperforming the
TF-IDF baseline. The following discussion examines
the LLM annotation strategy, evaluates the model’s
performance and interpretability, and considers both
limitations and practical applications of this frame-
work.

5.1 Interpretation of the LLM Annotation
Strategy

A key finding concerns the consistency and inter-
pretive reliability of LLM-generated labels. While the
overall label distribution conforms to expectations
for specialty coffee datasets, the inter-rater reliability
analysis (Table 2) provides a more nuanced perspec-
tive. The average Fleiss’ Kappa of 0.68 (“Substantial
Agreement”) confirms that the LLM consistently ap-
plied the predefined flavor taxonomy, satisfying an
essential prerequisite for scalable dataset creation.

Nevertheless, the analysis also reveals a critical
boundary in the LLM’s semantic understanding. A
post-hoc analysis demonstrated a strong negative
correlation between label prevalence and inter-rater
agreement (r = -0.780, p = 0.0002), identifying two
distinct reliability regimes that reflect fundamentally

different annotation challenges. The markedly lower
agreement for abstract categories such as Mouthfeel
(k = 0.10, Slight agreement) and Sweet (x = 0.40,
Fair agreement) underscores the model’s limitations
in interpreting context-dependent or holistic descrip-
tors.

Whereas the LLM accurately identifies explicit
object-based terms (e.g., cashew, lemon; x > 0.70),
it struggles with integrated sensory constructs that
depend on texture, affect, or multi-modal perception.
For instance, Mouthfeel represents a composite tactile
experience, and Sweet can denote either a gustatory
quality or a qualitative impression. The combination
of Mouthfeel’s near-universal prevalence (98.2%) and
near-zero agreement (x = 0.10) further suggests sys-
tematic over-assignment bias: the model appears to
default to assigning this label whenever tactile lan-
guage is present — which occurs in nearly all profes-
sional coffee reviews — rather than applying a con-
sistent definitional threshold.

These findings have direct implications for the in-
terpretation of downstream results. Correlation and
classification analyses involving Mouthfeel and Sweet
should be interpreted with appropriate caution, as
their labels reflect annotation patterns rather than
precise semantic judgments. In contrast, the 15 cat-
egories with x > 0.58 are considered reliable out-
puts of the framework and form the primary basis
for the validation analyses presented in Sections 4.2
and 4.4. Addressing the remaining ambiguity con-
stitutes a critical direction for future prompt engi-
neering and fine-tuning efforts, aimed at modeling
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complex, multi-faceted sensory semantics more effec-
tively.

5.2 Analysis of Model Performance and Inter-
pretability

The superior performance of the BERT model
across most categories stems from its ability to cap-
ture contextual dependencies beyond traditional bag-
of-words representations. However, its performance
was not universally robust at the standard classifi-
cation threshold (7 = 0.5). An initial examination
revealed an apparent failure to detect low-frequency
defect categories (Cereal, Chemical, Stale/Papery),
all of which yielded F1 = 0.00. To determine if the
model failed to learn these features entirely or merely
lacked predictive confidence due to severe class imbal-
ance, a post-hoc per-class threshold tuning was con-
ducted. Lowering the decision boundaries specifically
for these minority classes successfully recovered latent
detection capabilities, improving Fl-scores to 0.304
for Chemical (7% = 0.266), 0.220 for Stale/Papery (7*
= 0.250), and 0.124 for Cereal (7* = 0.214). While
this confirms that the BERT pipeline successfully in-
ternalized semantic features for rare defects, these ab-
solute scores remain insufficient for production envi-
ronments. Consequently, while the framework per-
forms exceptionally well for positive flavor profiling,
its current use as a standalone automated defect de-
tection system remains constrained.

Beyond classification performance, the inter-
pretability and correlation analyses provide comple-
mentary evidence of the model’s semantic validity.
Cross-referencing LIME-derived explanations (Figure
7) with the LLM’s evidence annotations reveals that
BERT effectively prioritizes salient sensory descrip-
tors. Moreover, the strong, logical correlations be-
tween the model’s predictions and expert-assigned
sensory scores further validate that the model learned
to connect textual cues to characteristics that demon-
strably influence human perception of coffee quality.

In addition to these quantitative evaluations, a
qualitative inspection of misclassified samples re-
vealed that most errors occurred when reviews con-
tained implicit or metaphorical flavor expressions
(e.g., “clean finish,” “bright cup”) that were not di-
rectly mapped to our predefined taxonomy. This ob-
servation highlights the importance of developing an-
notation strategies that can better capture latent sen-
sory semantics beyond explicit lexical terms.

5.3 Limitations and Future Directions

While the findings are encouraging, two major lim-
itations define a clear agenda for future research.
First, the dataset is skewed toward high-scoring cof-
fees (Figure 2), limiting the model’s capacity to gen-
eralize to defect detection tasks. Second, the valida-
tion of LLM-generated labels confirms macro-level re-
liability through correlation and agreement measures

but does not establish instance-level accuracy. Such
aggregate validation may obscure localized annota-
tion errors.

Addressing these gaps requires a two-pronged re-
search strategy. Future efforts should focus on (1)
expanding the dataset to achieve a more balanced
distribution across the quality spectrum, potentially
through targeted LLM-based data augmentation that
synthesizes examples of rare defects; and (2) con-
structing a manually annotated “gold-standard” sub-
set, enabling precise per-instance validation using
precision, recall, and F1 metrics. This benchmark
would facilitate rigorous evaluation of generative an-
notators and support advanced training paradigms—
including few-shot learning and synthetic data aug-
mentation, building upon the Focal Loss (y = 2.0)
already incorporated in the current training pipeline.

Despite these limitations, the proposed framework
offers immediate practical utility for the specialty cof-
fee industry, notably in three domains.

(1) Flavor Profiling and Sensory Communication.
The framework demonstrates strongest practical util-
ity for identifying and communicating desirable sen-
sory attributes — such as Floral, Fruity, Chocolate,
and Nutty — where BERT achieves F1-scores con-
sistently above 0.96. Roasters and producers can de-
ploy the model to automatically generate structured
flavor profiles from cupping notes, enabling rapid sen-
sory characterization of new green coffees, consis-
tent batch-to-batch documentation, and alignment
of marketing descriptors with expert-verified sensory
data. This supports more accurate and transparent
consumer communication, strengthening brand cred-
ibility across global supply chains.

(2) Accelerated Product Development. By pro-
cessing large volumes of tasting notes at scale, the
framework enables producers to predict sensory pro-
files and identify lots that align with brand or quality
objectives without requiring manual annotation by
certified Q Graders. This capability is particularly
valuable during green coffee sourcing, where rapid
sensory screening of multiple origins can inform pro-
curement decisions before committing to full cupping
sessions.

(3) Diagnostic Quality Monitoring with Expert
Oversight. For quality control applications targeting
rare defect categories — specifically Cereal, Chem-
ical, and Stale/Papery — the framework should be
regarded as a diagnostic tool that flags potential
anomalies for human expert review, rather than a
fully automated defect detection system. The recov-
ered Fl-scores for these categories (0.124-0.304) in-
dicate that the model captures meaningful semantic
signals for rare defects, but absolute performance re-
mains insufficient for autonomous production deploy-
ment. Achieving production-grade rare-category de-
tection will require targeted data augmentation and
few-shot learning, as outlined above.
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6. CONCLUSION

This study presents a comprehensive framework
for multi-label classification of coffee flavor attributes,
integrating an LLM-driven annotation pipeline with
advanced machine learning models. Crucially, the
structure of the dataset — comprising texts authored
by certified Q Graders — enables a reverse-mapping
validation framework, whereby the statistically signif-
icant and directionally coherent correlations between
LLM-derived labels and expert quantitative scores
provide implicit ground truth without requiring sep-
arate annotation effort. The proposed approach gen-
erates high-quality training data through automated
semantic labeling and demonstrates that a fine-tuned
BERT model trained on these LLM-generated anno-
tations significantly outperforms a conventional TF-
IDF baseline, particularly for context-dependent sen-
sory categories. Complementary interpretability and
correlation analyses confirm that the model’s predic-
tions are coherent with both textual evidence and
expert sensory evaluations, underscoring the frame-
work’s empirical validity.

Nonetheless, the study also exposes key method-
ological trade-offs. While rule-based annotation sys-
tems provide lexical precision, they lack contex-
tual flexibility; conversely, LLM-based labeling of-
fers broader inferential capacity but can introduce
semantic ambiguity. Moreover, even with sophisti-
cated architectures such as BERT and targeted in-
terventions such as Focal Loss and per-class thresh-
old optimization, the framework’s performance on the
rarest flavor categories remains constrained by severe
data scarcity. These findings highlight that the pro-
posed LLM-BERT pipeline, though robust, should
be viewed as a complementary rather than universal
solution for sensory text analysis.

Future research should focus on mitigating these
limitations through synthetic data generation for
underrepresented classes, targeted LLM-based data
augmentation, and few-shot learning techniques.
While Focal Loss (y = 2.0) and per-class thresh-
old optimization successfully recovered latent detec-
tion capabilities for rare defect categories (Cereal,
Chemical, Stale/Papery), absolute performance re-
mains constrained by severe data scarcity — neces-
sitating targeted synthetic data augmentation and
few-shot learning to achieve production-grade rare-
category detection. Overall, this work establishes a
foundational framework that demonstrates both the
promise and current limitations of LLM-driven anno-
tation — providing a pathway toward scalable, inter-
pretable, and high-precision systems for sensory anal-
ysis in coffee and other complex evaluative domains.
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