
 

 

INTRODUCTION 

Digital transformation has reshaped administrative information flows in higher education, 

where official correspondence is increasingly produced, distributed, retrieved, and archived through 

electronic systems rather than conventional paper-based procedures. Information systems have become 

strategically important for improving the operational efficiency and accessibility of institutional 

services in higher-education environments (Nugroho et al., 2025). Within this broader transformation, 

Natural Language Processing has evolved from rule-based and statistical approaches toward neural 

architectures capable of learning contextual and semantic relationships from large-scale textual data 

(Zhou et al., 2020). Transformer architectures have accelerated this development by enabling models 

to capture long-range dependencies and contextual interactions through attention-based representations 

rather than sequential recurrence (Lin et al., 2022). The growing maturity of transformer-based systems 

has consequently moved document management beyond passive digital storage toward intelligent 

classification, retrieval, and decision-support functions (Amatriain et al., 2023). Academic 

correspondence presents a particularly demanding application because formal institutional documents 

often contain repetitive lexical structures, standardized administrative expressions, and category-

specific functions that may differ only through subtle semantic cues. In this setting, automated 

document classification becomes relevant not merely as a computational convenience but as an 

engineering mechanism for reducing manual sorting, improving archive organization, and supporting 

scalable institutional information management. 

Previous studies demonstrate that pretrained language models and contextual embeddings have 

substantially improved Indonesian text classification, although their performance depends strongly on 

the linguistic domain and the availability of representative labeled data. IndoBERT established a 
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Abstract 
Digital transformation in higher education has increased the need for intelligent systems capable 

of organizing and classifying institutional correspondence efficiently, particularly when labeled 

training data are limited. This study develops and evaluates an Indonesian academic-

correspondence classification system using SetFit within an efficient few-shot learning 

framework. A quantitative experimental design was applied to 145 official PDF documents 

collected from five units at Universitas Islam Sultan Agung. Native digital documents were 

extracted using PyMuPDF, whereas scanned documents were processed using Doctr OCR, 

followed by correspondence-specific preprocessing, manual ground-truth labeling, and 

structured dataset preparation. Model training employed intfloat/multilingual-e5-base with 

incremental N-shot experiments from 1-shot to 6-shot and contrastive representation learning 

using CosineSimilarityLoss. The 6-shot configuration, using six training documents per class, 

produced the best reported performance, achieving an accuracy of 85.87% and a weighted F1-

score of 0.85. Training-loss and error-rate patterns also indicated stable model adaptation 

under the reported experimental conditions. The selected model was subsequently integrated 

into a lightweight Streamlit prototype. The findings demonstrate that SetFit provides an efficient 

approach for academic-document classification when institution-specific labeled datasets are 

scarce, while consistent label definition and real-time OCR integration remain important 

considerations for further system development. 
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language-specific foundation for Indonesian NLP by providing pretrained representations adapted to 

Indonesian linguistic characteristics and downstream language-understanding tasks (Koto et al., 2020). 

The broader development of Indonesian NLP resources has also shown that language-specific 

benchmarks are critical for evaluating whether pretrained models genuinely capture local grammatical 

and semantic structures rather than merely transferring performance from high-resource languages 

(Cahyawijaya et al., 2021). In practical classification settings, IndoBERT has produced competitive 

results for Indonesian news categorization, supporting the effectiveness of contextual representations 

for distinguishing semantically related document classes (Juarto & Yulianto, 2023). Similar evidence 

emerges from economic-activity classification, where an IndoBERT-based approach achieved strong 

performance in mapping Indonesian textual descriptions to predefined categories (Syazali & Yulianti, 

2025). Transformer-based classification has also been successfully applied to Indonesian public-

opinion and emotion-labeling tasks, indicating that contextual modeling can discriminate linguistically 

complex categories beyond simple keyword matching (Anwar et al., 2021). Taken together, these 

studies establish a strong technical basis for Indonesian document classification, yet they primarily 

reflect domains with clearer benchmark structures or larger labeled resources than institution-specific 

academic correspondence. 

The main limitation in extending these advances to university correspondence lies in the 

scarcity of labeled institutional documents, because conventional supervised learning and standard fine-

tuning strategies typically benefit from substantially larger training corpora. Few-shot learning 

addresses this constraint by exploiting pretrained knowledge to generalize from only a small number of 

labeled examples, making it particularly relevant when domain-specific annotation is expensive or 

difficult to scale (Wang et al., 2021). Existing reviews characterize sample efficiency as the central 

advantage of few-shot learning, while also emphasizing that performance may vary considerably with 

task structure, example selection, and inter-class similarity (Parnami & Lee, 2022). SetFit provides a 

more specialized solution for text classification by combining contrastive fine-tuning of sentence 

representations with a lightweight classification head, reducing dependence on prompt engineering and 

large labeled datasets (Tunstall et al., 2022). Experimental evidence further indicates that contrastive 

learning within SetFit can outperform conventional fine-tuning under restricted-label conditions 

because the model learns discriminative relationships between semantically similar and dissimilar 

examples (Kilic et al., 2023). Research applying SetFit to Arabic scholarly-paper classification suggests 

that this architecture can remain effective in formal textual domains where labeled examples are limited 

(Khaled & Manayer, 2024). Yet the literature still provides little empirical evidence on whether this 

advantage persists for Indonesian academic correspondence, where repetitive institutional language and 

closely related administrative functions may reduce the semantic separability between classes. 

This limitation becomes more important because reliable academic-correspondence 

classification requires not only an appropriate learning architecture but also a preprocessing pipeline 

capable of producing semantically meaningful text from heterogeneous institutional documents. Deep-

learning text-classification research consistently shows that model performance is shaped by the quality 

of textual representations and by the extent to which preprocessing preserves information relevant to 

the target class (Minaee et al., 2021). Indonesian multilabel classification using IndoBERT embeddings 

likewise demonstrates that contextual representation quality remains central when categories share 

overlapping linguistic features (Nabiilah et al., 2024). The challenge becomes sharper when official 

correspondence contains letterheads, institutional identifiers, OCR-induced typographical noise, 

irregular formatting, and highly recurrent administrative phrases that can function as shortcut features 

instead of genuine semantic evidence. Research on zero-shot document categorization has already 

emphasized the importance of transferable semantic representations when labeled task-specific 

examples are unavailable or severely restricted (Song et al., 2019). Performance variability reported in 

limited-data academic classification also cautions against assuming that a model effective in one 

document domain will exhibit equivalent behavior under different class distributions and linguistic 

structures (Molina & Sanchez, 2022). A scientifically defensible classification pipeline must 

consequently evaluate document extraction, noise removal, semantic representation, training-data 

allocation, and final classification performance as interacting components rather than attributing 

predictive quality to the classifier alone. 

The practical urgency of this problem is evident in the UNISSULA case examined in this study, 

where only 145 official correspondence documents were available from BAAk, LPPM, LPKA, LKPI, 
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and BAU and had to be classified into Application Letters, Decision Letters, Invitation Letters, and 

Assignment Letters. Such a dataset is too limited to justify assumptions associated with data-intensive 

supervised training, while its imbalanced and institution-specific structure also complicates 

conventional performance interpretation. Accuracy alone may obscure class-level weaknesses in 

imbalanced classification, making precision, recall, and F1-score important complementary indicators 

of predictive behavior (Mursyidah et al., 2024). Precision, recall, and F1-score provide distinct 

perspectives on prediction reliability, retrieval completeness, and their harmonic balance, which 

becomes particularly relevant when minority classes contain relatively few observations (Aminah & 

Aminah, 2024). The proposed research consequently positions SetFit not as a generic replacement for 

larger transformer models, but as an efficient semantic-classification mechanism specifically matched 

to a low-resource institutional environment. Its engineering relevance lies in combining heterogeneous 

PDF extraction, correspondence-specific text cleaning, dynamic N-shot sampling, contrastive 

representation learning, and lightweight classification within one operational workflow. This position 

addresses a practical document-management problem while simultaneously testing whether few-shot 

semantic learning can remain reliable when the available training evidence is both scarce and 

structurally constrained. 

The objective of this study is to develop and evaluate an efficient few-shot classification 

framework for Indonesian academic correspondence using SetFit under a severely limited labeled-data 

setting. The study progressively examines training configurations from one to six examples per category 

and selects the configuration that provides the most effective classification performance while 

maintaining strict separation between training and testing documents. Its theoretical contribution lies in 

extending the empirical understanding of few-shot semantic classification from general benchmark 

tasks toward a highly formal, repetitive, and institution-specific Indonesian document domain. Its 

methodological contribution is the integration of heterogeneous PDF text extraction, targeted removal 

of correspondence-specific noise, dynamic N-shot data allocation, contrastive sentence-representation 

learning, and multi-metric performance evaluation within a single reproducible workflow. The research 

also contributes an engineering-oriented implementation perspective by connecting the selected 

classification model with a lightweight Streamlit prototype rather than treating model evaluation as an 

isolated computational exercise. More broadly, the study provides evidence on the extent to which an 

efficient few-shot architecture can support intelligent document management when institutional data 

scarcity prevents the use of conventional large-scale supervised training. 

 

RESEARCH METHODS 

This study was designed as an empirical quantitative experiment to develop and evaluate an 

automatic classification system for Indonesian academic correspondence under severely limited 

labeled-data conditions. The dataset comprised 145 official PDF documents collected from Biro 

Administrasi Akademik (BAAk), Lembaga Penelitian dan Pengabdian kepada Masyarakat (LPPM), 

Lembaga Pengembangan Kemahasiswaan dan Alumni (LPKA), Lembaga Kajian dan Penerapan Nilai-

Nilai Islam (LKPI), and Biro Administrasi Umum (BAU) at Universitas Islam Sultan Agung, with each 

document assigned to one of four functional classes: Application Letter, Decision Letter, Invitation 

Letter, or Assignment Letter. Because text classification requires a consistent machine-readable 

representation before category learning can be performed, the document-processing pipeline 

standardized heterogeneous PDF inputs prior to model training (Minaee et al., 2021). Native digital 

PDFs were extracted directly using PyMuPDF, whereas scanned PDFs were processed using Doctr 

OCR; the resulting raw text was cleaned by removing institutional letterheads, correcting identified 

typographical errors, deleting irrelevant characters such as _, |, !, $, {}, and [], and normalizing 

excessive spaces and paragraph formatting. Each cleaned document was manually assigned a ground-

truth label and stored in a CSV dataframe containing the document name, cleaned text, and validated 

class before being transferred to the SetFit pipeline, whose architecture combines sentence-level 

representation adaptation with a lightweight classification stage (Tunstall et al., 2022). The pretrained 

backbone used in the experiment was intfloat/multilingual-e5-base, and no architectural component or 

hyperparameter absent from the original final-project implementation was added to the journal version. 

The selection of a few-shot strategy was consistent with the study objective of exploiting prior model 

knowledge when only a small number of supervised examples are available for a domain-specific 

classification task (Wang et al., 2021). 
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Model evaluation followed an incremental N-shot experiment from 1-shot to 6-shot, allowing 

the number of training examples per category to increase systematically while documents not selected 

for training remained outside the training subset. This experimental structure reflects the central 

principle of few-shot learning, in which model behavior is examined under progressively limited 

numbers of labeled examples rather than through a conventional fixed percentage split (Parnami & Lee, 

2022). In the final 6-shot configuration, six documents from each of the four correspondence categories 

were allocated to training, yielding 24 training documents, while the remaining documents designated 

for evaluation were kept separate to prevent data leakage. The implementation converted the sampled 

dataframe into a Hugging Face Dataset, initialized the multilingual-e5-base model through SetFit, 

applied CosineSimilarityLoss for contrastive representation learning, trained the classifier using 

SetFitTrainer, generated predictions through model.predict, and preserved the selected model using 

save_pretrained. Classification performance was assessed with a confusion matrix and accuracy, where 

accuracy represented the proportion of correctly classified documents across the evaluated observations 

(Mursyidah et al., 2024). Precision, recall, and F1-score were additionally retained to evaluate class-

level prediction reliability, retrieval completeness, and the balance between both dimensions (Aminah 

& Aminah, 2024). Because the final project reported a weighted F1-score for the imbalanced test 

distribution, the article retains that reported evaluation measure without introducing an unreported 

recalculation, and the selected SetFit model was subsequently connected to the documented Streamlit 

prototype using the original database-lookup mechanism rather than an unreported real-time OCR 

inference procedure. 

 

RESULTS AND DISCUSSION 

Dataset Preparation and Text Preprocessing 

The empirical dataset comprised 145 official correspondence documents collected from five 

authorized administrative and academic units at Universitas Islam Sultan Agung, namely BAAk, 

LPPM, LPKA, LKPI, and BAU. These documents represented different institutional contexts but were 

organized for classification according to functional correspondence categories rather than the 

organizational identity of the issuing unit. This distinction is important because digitalization in higher 

education increasingly requires information systems that organize administrative content according to 

operational meaning instead of merely preserving its original storage structure (Nugroho et al., 2025). 

The dataset contained both digitally generated PDF files and scanned documents, creating heterogeneity 

at the document-acquisition stage before any semantic modeling could be performed. Such 

heterogeneity is methodologically relevant because text-classification systems rely on standardized 

textual representations before discriminative linguistic patterns can be learned reliably (Minaee et al., 

2021). The preparation process consequently served as an engineering interface between heterogeneous 

institutional files and the structured text representation expected by the subsequent SetFit classifier. 

This initial standardization also reduced the risk that variation in PDF format, rather than 

correspondence semantics, would become an uncontrolled source of model behavior. 

 

 
Figure 1. Raw BAAk Letter Extraction Result 
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Figure 2. Raw LPPM Letter Extraction Result 

 

 
Figure 3. Raw LKPI Letter Extraction Result 
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Figure 4. Raw BAU Letter Extraction Result 

 

 
Figure 5. Raw LPKA Letter Extraction Result 

 

Text extraction was implemented through two processing routes determined by the physical 

structure of each PDF file. Native digital PDFs were processed directly using PyMuPDF because their 

embedded text layer could be accessed without optical character recognition, whereas scanned 

documents required an OCR stage before their contents could be transformed into machine-readable 

text. This dual-path design avoided excluding image-based institutional records and allowed both 

document types to enter a common downstream processing workflow. The use of transformer-based 

and pretrained representations in text classification presupposes that input text has first been converted 
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into a computationally consistent form from which contextual relationships can be modeled (Amatriain 

et al., 2023). Indonesian NLP research similarly demonstrates that the quality of downstream linguistic 

modeling depends on how textual input is represented before classification or generation tasks are 

executed (Cahyawijaya et al., 2021). The resulting extracted texts were consolidated before cleaning so 

that subsequent processing rules could be applied consistently regardless of whether the original 

document was digitally generated or scanned. 

 

 
Figure 6. Letter Data Before Text Extraction 

 

The raw extracted text was not immediately suitable for classification because it contained 

letterheads, institutional identifiers, OCR-induced typographical distortions, irregular spacing, and 

characters that did not contribute directly to the functional meaning of the correspondence. These 

elements were treated as potential sources of representational noise because a high-capacity language 

model can exploit recurrent surface features even when those features are not conceptually related to 

the intended class. Transformer-based models are particularly effective at learning discriminative 

textual patterns, which makes careful control of irrelevant recurrent cues important when the target 

dataset is small and institution-specific (Anwar et al., 2021). The preprocessing routine removed 

institutional letterheads, normalized spaces and paragraph structure, corrected identified typographical 

errors, and eliminated irrelevant characters such as _, |, !, $, {}, and []. Table 1 reproduces the 

preprocessing examples recorded in the original experiment and illustrates how source-specific noise 

was converted into cleaner textual input without changing the intended substantive content. The 

procedure was not designed as aggressive linguistic normalization because excessive transformation 

could remove administrative expressions that differentiate the correspondence categories. This balance 

between noise reduction and semantic preservation is important for Indonesian contextual classification, 

where pretrained embeddings must retain locally meaningful lexical and syntactic distinctions (Nabiilah 

et al., 2024). 

 

Table 1. Preprocessing Data 

 

No. Before After 

1 YAYASAN BADAN WAKAF SULTAN AGUNG 

UNIVERSITAS ISLAM SULTAN AGUNG 

(UNISSULA) JI. Raya Kaligawe Km.4 Semarang 50112 

Telp.(024) 6583584 (8 Sal) Fax.(024) 6582455 N email: 

informasi@unissula.ac.id web www.unissula.ac.id 

_ (Letterhead removed) 

mailto:informasi@unissula.ac.id
http://www.unissula.ac.id/
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BIRO REKTOR Bismillah Membangun Generasi Khaira 

Ummah 

2 Btsmlll,ahit'tu.hmanlrrahlm RTKTOR ITNTERSITAS 

IsLlrM SITLT4\II AGUNG 

Bismillahirrahmanirrahim 

REKTOR UNIVERSITAS 

ISLAM SULTAN AGUNG 

3 L4 Agustus 2023 M 14 August 2023 M 

4 2}l2 2012 

5 KEPUTUSA}I KEPUTUSAN 

6 PERUBAIIAN PERUBAHAN 

7 TTALET{DER KALENDER 

 

 
Figure 7. Data Before Preprocessing 

 

 
Figure 8. Data After Preprocessing 

 

The before-and-after representations indicate that the cleaning stage addressed both predictable 

document formatting and errors introduced during text extraction. Removing the letterhead is especially 

important because institutional names and organizational identifiers occur repeatedly and could become 

shortcut features that permit category prediction without requiring the classifier to learn the substantive 
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intent of the correspondence. Deep-learning text classifiers are capable of exploiting highly informative 

lexical correlations even when those correlations are incidental to the conceptual classification objective 

(Minaee et al., 2021). The source experiment consequently attempted to direct learning toward the 

informational body of each document by eliminating features judged to be unrelated to correspondence 

function. This choice is compatible with Indonesian pretrained-language-model research showing that 

contextual representations can capture semantic differences more effectively when input sequences 

preserve meaningful linguistic content rather than noisy formatting artefacts (Koto et al., 2020). An 

independent ablation experiment comparing classification with and without letterhead removal was not 

reported, so the magnitude of the cleaning effect cannot be isolated quantitatively. The contribution of 

preprocessing should therefore be interpreted as the establishment of a controlled input condition for 

the few-shot experiment rather than as a separately validated performance improvement. 

After preprocessing, each cleaned document was manually assigned a ground-truth class 

corresponding to Application Letter, Decision Letter, Invitation Letter, or Assignment Letter. Manual 

labeling was required because the subsequent supervised few-shot procedure needed an explicit 

reference category against which model predictions could be evaluated. Clear target definitions are 

particularly important in Indonesian document classification because contextual embeddings can only 

be interpreted as task-specific predictors after the semantic representation has been associated with 

stable class labels (Juarto & Yulianto, 2023). The cleaned text, document identifier, and validated label 

were subsequently stored in a CSV dataframe that served as the direct input to the SetFit training 

workflow. This structured representation separated document acquisition and extraction from the 

learning stage, preventing the classifier from operating directly on heterogeneous PDF files. Similar 

Indonesian classification research has demonstrated that pretrained semantic models can produce strong 

results when textual observations are represented consistently before task-specific adaptation (Syazali 

& Yulianti, 2025). The resulting dataframe also enabled the controlled selection of training examples 

for the incremental N-shot experiments conducted in the next stage. 

The significance of this preparation strategy becomes greater in a few-shot configuration 

because every training document contributes a relatively large share of the evidence available to the 

classifier. Few-shot learning is designed to exploit prior model knowledge when only a small number 

of labeled task-specific examples can be supplied, which makes sample quality particularly 

consequential (Wang et al., 2021). Reviews of few-shot methodologies likewise emphasize that 

performance under scarce supervision can be highly sensitive to the representativeness and consistency 

of the selected examples (Parnami & Lee, 2022). A document containing extraction errors, residual 

institutional identifiers, or an incorrect ground-truth label could consequently exert greater influence 

than the same error would in a large supervised corpus. The present workflow mitigated that risk by 

completing text extraction, noise removal, normalization, and manual labeling before the documents 

were subjected to dynamic N-shot sampling. The standardized dataset provided a consistent empirical 

basis for SetFit adaptation without introducing synthetic augmentation, additional correspondence 

documents, or preprocessing operations that were absent from the original experiment. This design 

preserves the limited-data character of the study while ensuring that the subsequent evaluation reflects 

the behavior of the few-shot classifier on prepared institutional text rather than uncontrolled variation 

in raw document format. 

 

SetFit Training and Few-Shot Performance 

The SetFit experiment was designed around a controlled separation between documents used 

for model adaptation and documents retained for independent evaluation, reflecting the limited-data 

character of the research rather than a conventional percentage-based train-test split. In the selected 6-

shot configuration, six documents from each of the four correspondence categories were assigned to the 

training set, resulting in 24 training documents, while the remaining eligible documents were placed in 

the testing pool. This design is consistent with few-shot learning, where model adaptation is 

intentionally performed with a small number of labeled examples so that sample efficiency becomes 

part of the experimental objective rather than merely a dataset constraint (Wang et al., 2021). The source 

implementation also applied a two-layer validation procedure to prevent overlapping documents from 

appearing simultaneously in the training and testing partitions, thereby reducing the risk of data leakage. 

The training distribution was manually balanced across the four classes, whereas the test distribution 

retained the original imbalance of the available correspondence data. SetFit was selected because its 
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architecture was specifically developed to perform text classification efficiently under restricted-label 

conditions without depending on large prompt-based models (Tunstall et al., 2022). This experimental 

arrangement allowed the subsequent performance comparison to reflect the classifier's ability to 

generalize from scarce institutional examples rather than memorization arising from duplicated records. 

 

 
Figure 9. SetFit Training and Testing Dataset Distribution 

 

The semantic backbone used in the training pipeline was intfloat/multilingual-e5-base, which 

provided the pretrained sentence-level representation required by the SetFit architecture. The sampled 

training dataframe was converted into a Hugging Face Dataset before the pretrained model and its final 

classification component were initialized through SetFitModel.from_pretrained. Transformer-based 

representations are particularly suitable for this stage because they encode contextual dependencies 

across textual sequences rather than relying only on isolated lexical frequencies (Lin et al., 2022). 

Contrastive learning was configured through CosineSimilarityLoss, which encouraged semantically 

related correspondence examples to occupy closer positions in the representation space while separating 

documents associated with different classes. This mechanism follows the conceptual logic of 

contrastive SetFit training, which has shown advantages over conventional fine-tuning when labeled 

examples are scarce (Kilic et al., 2023). The implementation subsequently used SetFitTrainer to control 

the training procedure, trainer.train() to execute the adaptation process, model.predict() to generate 

predictions on the testing data, and model.save_pretrained() to preserve the selected model for later 

integration. 

 

Table 2. Main Components of the SetFit Training Process 

 

No. Code Function Description 

1 df.sample(min Dynamic Sample 

Selection (N-Shot) 

Randomly samples documents from 

each class according to the number 

of shots, with an automatic limit to 

prevent excess-data errors. 

2 Dataset.from_pandas Dataset Format 

Conversion 

Converts the tabular data structure 

into the Hugging Face Dataset 

format required by SetFit. 

3 SetFitModel.from_pretrained Base Model Creation Loads the base model architecture 

(multilingual-e5-base) and integrates 

it with the final classifier 

(classification head). 

4 CosineSimilarityLoss Contrastive Learning 

Configuration 

Sets the loss function to bring vector 

representations of similar documents 

closer and move representations of 

different documents farther apart. 
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5 SetFitTrainer Training Parameter 

Configuration 

Configures the machine-learning 

rules, including the evaluation metric 

(accuracy), batch size, learning 

epochs, and data iterations. 

6 trainer.train Execute Training Runs the full training process, from 

sentence-meaning adjustment (fine-

tuning) to category-prediction 

training. 

7 model.predict Model Prediction 

Testing 

Generates predictions for the testing 

set using the trained model to 

evaluate its classification capability. 

8 model.save_pretrained Final Model Export Saves the artificial-intelligence 

model from the best iteration to 

Google Drive so that it can be 

integrated with the Streamlit website 

application. 

 

Model development was evaluated incrementally from 1-shot to 6-shot rather than relying on a 

single arbitrarily selected training size. At each experimental stage, the number of training examples 

per category increased by one, while the remaining eligible correspondence documents continued to 

function as testing data. This arrangement made it possible to observe how relatively small additions of 

labeled information affected the model's ability to classify new documents. Such incremental analysis 

is methodologically appropriate in few-shot learning because the central question concerns how much 

supervision is required before a pretrained model begins to produce useful task-specific generalization 

(Parnami & Lee, 2022). The original learning-curve output shows training accuracy remaining at 1.00 

throughout the displayed N-shot configurations, whereas testing accuracy fluctuated as the number of 

examples increased. The final 6-shot configuration was reported as the best-performing setting, with 

testing accuracy reaching approximately 85.9%, consistent with the final reported accuracy of 85.87%. 

This pattern indicates that additional examples improved generalization up to the selected configuration, 

although the variability across intermediate shot levels also shows that performance did not improve in 

a strictly linear manner.  

 

 
Figure 10. Training and Testing Accuracy from 1-Shot to 6-Shot 

 

The training-loss trajectory was monitored to assess whether representation adaptation 

progressed toward a stable solution during SetFit fine-tuning. The original graph shows a pronounced 

decline in loss during the early stage of training, followed by values that remained close to the lower 

part of the plotted scale. This declining pattern was interpreted in the source study as evidence that the 

model progressively reduced its internal fitting error while learning distinctions among the 

correspondence categories. Contrastive representation learning is expected to produce such behavior 

when the optimization process increasingly aligns examples from related categories and separates 

semantically different examples in embedding space (Kilic et al., 2023). The reported trajectory is also 
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compatible with the general purpose of pretrained transformer adaptation, where a broadly learned 

semantic representation is adjusted toward a narrower downstream classification objective (Amatriain 

et al., 2023). No additional numerical loss values, confidence bounds, or alternative convergence 

statistics were reported in the final project, so the graphical output remains the primary evidence for 

this training behavior.  

 

 
Figure 11. Training Loss 

 

The selected 6-shot model was also examined through a diagnostic comparison between 

training and testing error to assess whether the observed learning behavior was accompanied by an 

obvious overfitting pattern. In the original figure, the training-error line remained near the baseline, 

while the testing-error line stayed above it and changed within a relatively limited range across the 

displayed observations. The testing curve did not exhibit the pronounced upward divergence that the 

source study associated with severe deterioration in generalization. This observation is relevant because 

few-shot classifiers can easily memorize a very small training subset when the semantic representation 

does not transfer adequately to unseen examples. SetFit was developed precisely to improve label 

efficiency by adapting sentence representations before training the lightweight classifier, which can 

reduce dependence on large supervised datasets (Tunstall et al., 2022). Related SetFit research in 

another formal document domain has also reported that useful classification can be achieved when only 

a limited number of labeled examples are available (Khaled & Manayer, 2024). The graph nevertheless 

provides descriptive rather than statistical evidence because repeated-run variance, confidence intervals, 

or an independent formal overfitting test were not reported in the source study.  

 

 
Figure 12. 6-Shot Error Rate 

 

The combined evidence from the learning curve, declining training loss, and error-rate 

diagnostics led the original experiment to retain the 6-shot configuration as the final model for 

evaluation and prototype integration. Its principal computational advantage is that the selected classifier 

required only six labeled examples per class during the adaptation stage, which is consistent with the 

sample-efficiency objective of few-shot learning. The achieved performance is also conceptually 
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aligned with previous work showing that pretrained language representations can support strong 

classification behavior even when task-specific labeled resources are limited (Koto et al., 2020). The 

non-monotonic variation across the N-shot experiments should still be treated as an important empirical 

feature rather than ignored, because limited-data models can remain sensitive to which examples are 

selected for adaptation. Similar concerns have been raised in research on classification under restricted 

academic datasets, where performance may vary according to sampling conditions and class 

representation (Molina & Sanchez, 2022). The retained model was exported through save_pretrained 

and subsequently used as the classification engine for the Streamlit prototype without modifying the 

training architecture documented in the final project. This stage establishes the empirical basis for the 

next evaluation, where performance must be examined not only through aggregate accuracy but also 

through the confusion matrix and class-level precision, recall, and F1-score. 

 

Classification Performance and Prototype Implementation 

After the selected 6-shot SetFit model had been trained and preserved, it was integrated into a 

lightweight Streamlit interface to demonstrate the practical use of the classification pipeline. The 

interface was designed around a direct PDF-upload interaction so that users could submit an academic 

correspondence document and obtain a predicted category without navigating through a complex menu 

structure. In the source implementation, inference at the prototype stage did not perform real-time OCR; 

instead, the uploaded filename was matched against preprocessed text stored in DATASET_SKRIPSI 

FIX.CSV, which allowed the experiment to isolate classification behavior from additional recognition 

errors. This implementation choice is consistent with the broader engineering principle that modular 

system design can separate data acquisition, representation, and predictive inference into independently 

controllable components (Zhou et al., 2020). The prototype should consequently be interpreted as a 

demonstration of the trained classifier rather than as a complete production system capable of 

processing arbitrary unseen scanned documents end-to-end. Its practical value lies in showing that a 

few-shot semantic classifier trained from a small institutional dataset can be exposed through a simple 

user-facing application without altering the trained model architecture.  

 

 
Figure 13. Academic Correspondence Classification System Interface 

 

The interaction sequence remained intentionally compact in order to keep the interface focused 

on the classification function itself. Once a PDF was uploaded, the application displayed the filename 

as confirmation that the document had been received and activated the command used to initiate the 

classification process. After execution, the interface returned a predicted correspondence category and 

provided an expandable panel containing the cleaned text that had been supplied to the trained model. 

This type of transparency is useful because contextual language models derive predictions from 

distributed textual representations that are less directly interpretable than conventional rule-based 

classifiers (Amatriain et al., 2023). The displayed cleaned text also provides a practical means of 

confirming that letterheads and other preprocessing noise had been removed before classification was 

performed. Similar applications of pretrained Indonesian language representations demonstrate that 

reliable downstream classification depends on the quality of the linguistic information passed to the 
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model rather than on superficial document formatting alone (Nabiilah et al., 2024). The prototype 

interface consequently links the earlier preprocessing decisions with the final prediction stage while 

retaining the lightweight implementation documented in the original study.  

 

 
Figure 14. Starting the Correspondence Classification Process 

 

 
Figure 15. Classification Result Display 

 

The final model was evaluated by comparing predicted labels with the ground-truth labels 

assigned during dataset preparation, using a confusion matrix and complementary classification metrics. 

The thesis initially states that 95 documents were supplied as testing observations, whereas the final 

classification report shown later in the same source contains a total support of 92 documents. Because 

no validated explanation is provided for this numerical difference, neither value is recalculated or 

silently reconciled in the present article. Accuracy remains useful for summarizing the proportion of 

correct classifications, but its interpretation is incomplete when class frequencies are unequal because 

high-frequency categories can dominate the aggregate score (Mursyidah et al., 2024). Precision, recall, 

and F1-score provide additional information concerning prediction reliability, retrieval sensitivity, and 

the balance between those two dimensions at class level (Aminah & Aminah, 2024). The confusion 

matrix reproduced in the original experiment shows most observations concentrated along its principal 

diagonal, indicating that a substantial proportion of the evaluated documents were mapped to their 
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reported target labels. Such a pattern provides direct empirical evidence of useful discrimination while 

still permitting inspection of misclassification behavior that aggregate accuracy alone cannot reveal.  

 

 
Figure 16. SetFit Confusion Matrix 

 

Table 3 presents the final 6-shot classification report exactly as documented in the source study, 

preserving the reported class labels, metric values, and support counts. The report shows an exact stated 

accuracy of 85.87%, while the rounded value displayed in the tabular classification output is 0.86. A 

weighted-average F1-score of 0.85 indicates that the model achieved comparatively strong aggregate 

performance after accounting for the unequal frequency of observations across the reported classes. 

Weighted aggregation is particularly informative when the class distribution is imbalanced because 

each class contributes according to its observed support rather than receiving identical weight regardless 

of sample frequency. Few-shot document classification research has similarly shown that useful 

performance can be achieved with SetFit when only restricted labeled examples are available, although 

the resulting class-level behavior may remain uneven (Khaled & Manayer, 2024). The reported 

performance also supports the central rationale of efficient few-shot classification, in which pretrained 

semantic representations are adapted with substantially fewer labeled examples than conventional 

supervised training would ordinarily require (Tunstall et al., 2022). The metrics should nevertheless be 

interpreted jointly rather than using accuracy as the sole indication of model quality. 

 

Table 3. Final 6-Shot Classification Metrics 

 

Class Precision Recall F1-score Support 

Akademik 0.83 0.93 0.88 46 

Keislaman 1.00 0.47 0.64 17 

Kemahasiswaan 1.00 1.00 1.00 6 

Penelitian 0.91 1.00 0.95 21 

Umum 0.33 0.50 0.40 2 

Accuracy - - 0.86 92 

Macro average 0.81 0.78 0.77 92 

Weighted average 0.88 0.86 0.85 92 

Source: Final 6-shot classification report reproduced from the original study; reported exact accuracy 

= 85.87% 
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Figure 17. SetFit Evaluation Metrics 

 

The class-level values in Table 3 reveal substantial heterogeneity that is obscured by the 

aggregate accuracy figure. Akademik, the largest reported class with 46 observations, obtained 

precision of 0.83, recall of 0.93, and an F1-score of 0.88, indicating that most relevant cases were 

retrieved although some predictions assigned to this category were not correct. Keislaman produced 

perfect precision of 1.00 but recall of only 0.47, which means that the predictions made for this class 

were highly precise while a considerable proportion of its actual observations were not retrieved. 

Kemahasiswaan recorded precision, recall, and F1-score of 1.00 across six observations, whereas 

Penelitian achieved an F1-score of 0.95 across 21 observations. The Umum class exhibited the weakest 

result, with precision of 0.33, recall of 0.50, and F1-score of 0.40, but its support consisted of only two 

observations, making the metric highly sensitive to a single error. Variability of this type is 

characteristic of limited-data classification, where minority-class estimates can change sharply when 

only a small number of test instances are available (Molina & Sanchez, 2022). The difference between 

the macro F1-score of 0.77 and weighted F1-score of 0.85 further demonstrates that strong performance 

in higher-support classes contributes materially to the aggregate evaluation. 

The final results also require careful interpretation because the source study contains an 

unresolved discrepancy between the four functional correspondence categories defined in the research 

design and the five labels displayed in the final classification report. The methodological sections define 

Application Letter, Decision Letter, Invitation Letter, and Assignment Letter as the intended target 

categories, whereas the final output shown in Table 3 uses Akademik, Keislaman, Kemahasiswaan, 

Penelitian, and Umum. No validated mapping is provided in the thesis that would allow these naming 

schemes to be converted into one another without introducing assumptions, so the final metric labels 

are preserved exactly as they appear in the original output. This issue does not erase the reported 85.87% 

accuracy or weighted F1-score of 0.85, but it limits how confidently class-specific findings can be 

interpreted against the originally stated four-category objective. Research on low-resource and cross-

domain classification likewise emphasizes that transfer performance depends not only on model 

architecture but also on the consistency of task definitions and label semantics (Song et al., 2019). The 

observed aggregate performance remains compatible with the broader capacity of pretrained 

representations to support Indonesian-language classification under limited supervision (Koto et al., 

2020). From an engineering perspective, the experiment demonstrates a functioning SetFit-based 

classification pipeline and lightweight prototype, while label consistency and production-level real-time 

OCR remain methodological issues that should be resolved before broader institutional deployment. 

 

CONCLUSION 

This study demonstrated the feasibility of using SetFit for efficient few-shot classification of 

Indonesian academic correspondence under severely limited labeled-data conditions. The experimental 

pipeline combined heterogeneous PDF text extraction, correspondence-specific preprocessing, manual 

ground-truth labeling, dynamic N-shot sampling, and semantic classification based on the multilingual-

e5-base model. Among the evaluated configurations, the 6-shot setting was selected as the best-
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performing model, using six training documents for each class and achieving a reported accuracy of 

85.87%. The final evaluation also produced a weighted-average F1-score of 0.85, indicating that the 

classifier maintained relatively strong predictive performance despite the restricted training set and 

imbalanced class distribution. The preprocessing stage was important for reducing the influence of 

letterheads, typographical distortions, irregular formatting, and other document-specific noise before 

semantic representation learning. The training-loss and error-rate patterns further indicated stable 

adaptation within the experimental configuration reported in the study. These findings support the use 

of efficient few-shot learning as a practical alternative when institutional document collections are too 

limited to support conventional data-intensive supervised training. 

The study also shows that an intelligent document-classification workflow can be connected to 

a lightweight Streamlit prototype without requiring modifications to the trained SetFit architecture. Its 

methodological contribution lies in integrating document extraction, controlled text cleaning, 

progressive 1-shot to 6-shot experimentation, contrastive representation learning, and multi-metric 

evaluation within a single empirical workflow. The results should nevertheless be interpreted within the 

scope of the available institutional dataset because the final project contains inconsistencies between 

the correspondence categories defined in the methodological design and the labels displayed in the final 

evaluation output. The prototype also relies on a database-lookup mechanism during inference rather 

than performing real-time OCR on arbitrary newly uploaded scanned documents. These limitations do 

not negate the reported classification performance but restrict the extent to which the current system 

can be generalized to production-scale university document management. Future development should 

prioritize consistent label definitions, larger representation of minority classes, and direct integration of 

real-time OCR into the inference pipeline. Within the validated experimental scope, SetFit provides a 

computationally efficient basis for developing intelligent classification systems for Indonesian 

academic correspondence when labeled data are scarce. 
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