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Article Info ABSTRACT 

Article History: 
Multiclass text classification remains a difficult task, primarily due to semantic ambiguity 

and differences in input length. This study evaluates RoBERTa and GPT-based models for 

multiclass text classification, focusing on how prompting strategies and document length 

affect accuracy and robustness. Experiments were conducted using the OSDG Community 
Dataset, which contains approximately 15,000 labeled samples. The dataset was 

partitioned into four subsets based on input length: short, medium, long, and all combined. 

Three GPT variants (zero-shot, few-shot, and fine-tuned) were compared against a 

RoBERTa baseline. Fine-tuning was implemented via OpenAI’s supervised API with 
prompt-response formatting. Performance was assessed through F1-score, precision, 

recall, and balanced accuracy. Fine-tuned GPT achieved the strongest results in all 

settings, with a macro F1-score of 0.9204 on the all-combined dataset, representing a 

4.61% improvement over RoBERTa. Consistent gains were also observed across short 
(8.63%), medium (3.83%), and long (20.31%) texts. The largest improvement occurred on 

long documents, while medium-length inputs provided the most stable performance across 

models. These findings highlight the effectiveness of task-specific fine-tuning in enhancing 

GPT’s capability to classify SDG-related texts across diverse input lengths. 
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1. INTRODUCTION  

Founded by the United Nations in 2015, the UN Sustainable Development Goals (SDGs) serve as a 

comprehensive international framework of 17 interconnected aims to eradicate poverty, improve education, 

foster inclusive growth, and tackle climate change [1]. Nevertheless, efforts to achieve these goals have faced 

significant setbacks because of the global COVID-19 crisis, international political conflicts, and climate-

related emergencies [2]. Currently, SDG tagging is manual, time-consuming, and subjective, which highlights 

the need for reliable automated approaches. 

Automated SDG classification systems are increasingly in demand to support transparency, 

monitoring, and policy alignment [3]. Yet despite their value, these systems face technical challenges, 

including semantic ambiguity, thematic overlap, and variable document lengths.  Recent findings indicate 

that document lengths can vary substantially across datasets, and such variation may influence model 

performance in multiclass settings. Han et al. [4] explicitly note that document lengths vary across datasets, 

and model performance can vary across length-varied corpora, highlighting that input-length heterogeneity 

is a non-trivial factor that affects classification robustness. Traditional approaches such as rule-based systems 

and keyword matching are insufficient to capture the contextual and thematic complexity of SDG-related 

texts [5], [6]. These challenges encourage the adoption of advanced models that better capture linguistic 

nuance and semantic structure. Among them, RoBERTa, an encoder-only transformer, has demonstrated 

strong performance in supervised classification tasks, especially when fine-tuned with domain-specific 

datasets [7]. Compared to BERT, RoBERTa benefits from longer training and dynamic masking while 

discarding the next-sentence prediction task, thereby enhancing its ability to capture contextual meaning [8].  

However, RoBERTa still inherits the standard tokenization limit, and handling long documents often requires 

truncation, which may remove important contextual information and hinder model performance [4]. This 

suggests that RoBERTa’s performance may be sensitive to document-length variation, especially when texts 

contain essential cues beyond its maximum sequence capacity. 

The strong performance of RoBERTa in multiclass text classification has been widely documented. Sy 

et al. [8] reported consistently high accuracy across educational datasets, and Angin et al.[3] showed notable 

improvements on the OSDG Community Dataset compared to rule-based approaches. While RoBERTa 

requires labeled data, GPT models offer flexible inference via zero-shot and few-shot prompting, making 

them suitable for low-resource tasks. Recent studies highlight this versatility across domains. For example, 

Roumeliotis et al. [9] reported that GPT-4o outperformed BERT in hotel-review sentiment prediction, 

achieving 67% accuracy compared to 60.6% for BERT. In addition, unlike encoder-only models with strict 

input-length limits, GPT-based large language models can process substantially longer contexts. Sebők et al. 

[10] note that GPT-3.5 and GPT-4 support context windows ranging from 16k to 128k tokens, allowing them 

to process long inputs without truncation. Evidence from long-document classification further supports this 

capability: Trautmann [11] demonstrated that GPT-based prompting strategies, such as prompt chaining, can 

effectively classify legal documents of considerable length. Moreover, the effectiveness of GPT models 

extends to other specialized domains. For example, Nawab et al. [12] improved ICD code assignment in 

clinical notes by fine-tuning GPT-3.5 Turbo, demonstrating the viability of LLM-based classification in 

structured medical coding tasks.  

Despite these advances, two gaps remain. First, there has been no systematic comparison of GPT-based 

model strategies, namely zero-shot, few-shot, and fine-tuned against RoBERTa within a multi-class, single-

label SDG classification task. Second, the influence of input length on model robustness and accuracy has 

not been thoroughly evaluated. To address these gaps, this study evaluates four classification strategies: 

RoBERTa, GPT Zero-Shot, GPT Few-Shot, and Fine-Tuned GPT, applied to the OSDG Community Dataset 

with input-length stratification (short, medium, long, and all combined) and multiple performance metrics. 

This study contributes in two ways: (i) practical: providing evidence-based guidance for policymakers and 

institutions to adopt reliable and scalable SDG classification tools that enhance transparency and monitoring, 

and (ii) theoretical: advancing the understanding of how transformer-based models and large language models 

perform under different inference strategies and input-length conditions in a multi-class classification setting.  
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2. RESEARCH METHODS 

This study follows a structured methodological pipeline covering dataset preparation, preprocessing, 

model implementation, and evaluation. The workflow is designed to assess the performance of encoder-based 

and generative transformer models under varying input-length conditions.  

2.1 Data Collection 

This study employs the OSDG Community Dataset (version 04.2024), curated by the OSDG team, to 

support Natural Language Processing (NLP) research related to the Sustainable Development Goals [13]. 

The dataset contains text segments sourced from public documents, including policy reports, governmental 

publications, and research abstracts. Texts were annotated by a diverse group of over 1,000 individuals 

spanning more than 100 countries, coordinated through the OSDG Community Platform, where each text 

sample was reviewed by at least 3 annotators, with a maximum of 9. Annotators provided binary decisions 

(accept/reject) for suggested labels, and an agreement score was calculated [13] as in Eq. (1):  

𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =  
𝑙𝑎𝑏𝑒𝑙𝑎𝑐𝑐𝑒𝑝𝑡 − 𝑙𝑎𝑏𝑒𝑙𝑟𝑒𝑗𝑒𝑐𝑡

𝑙𝑎𝑏𝑒𝑙𝑎𝑐𝑐𝑒𝑝𝑡 + 𝑙𝑎𝑏𝑒𝑙𝑟𝑒𝑗𝑒𝑐𝑡
. (1) 

Samples with low agreement (more negative than positive votes) were excluded to ensure label quality. 

The dataset comprises 15366 text segments, covering 16 out of 17 SDGs, as SDG 17 was not sufficiently 

represented in the corpus.  For analysis of input granularity, the dataset was further stratified into short (<40 

tokens), medium (40–99 tokens), and long (≥100 tokens) categories, in addition to the full dataset (All 

combined). This enables systematic evaluation of model robustness across varying input lengths.  

2.1.1 Dataset Overview 

This subsection presents an overview of the dataset and provides representative text samples used in 

the classification task. Example segments and their corresponding SDG labels are shown in Table 1 to 

illustrate the types and structures of the inputs used in this single-label multiclass setup. 

Table 1. Example of Dataset Used in SDG Classification 

No Text SDG Label 

1 Another option would be to allow private practitioners to use the public clinic’s 

facilities at low (or no) cost, from where they can bill the NHI for the patients that 

they see. This would still offer Korea’s substantial number of solo practitioners the 

opportunity to reduce overhead and administrative costs for maintaining an 

independent practice. Unlike these countries, Korea lacks a large number of general 

practitioners trained, a strong professional identity among general practitioners, and 

high pay rates for general practitioners relative to specialists. 

3 

3 … … 

15366 This could be more effective than the preferential feed-in tariffs for infant industries. 

To boost wind energy development, the region could stimulate reindustrialization by 

leveraging its component manufacturing base, as Chicago has done. While surface 

geothermal energy is already well-established in the Paris-IDF region, there is 

considerable underexploited potential in deep geothermal energy, but it will require 

major investments. 

9 

2.1.2 Descriptive Statistics  

To gain an overview of the dataset characteristics, we conducted an exploratory analysis focusing on 

the text length categories and the distribution of Sustainable Development Goal (SDG) labels. Fig.1 shows 

that medium-length texts (12,568) dominate the dataset of 15,366 samples, compared to short (1,959) and 

long (839) texts. Despite this imbalance, the stratification is sufficient for evaluating model performance 

across different input lengths. 
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Figure 1. Number of Samples in Each Text Length Category 

Fig. 2 illustrates the distribution of token lengths across all 15,366 text segments in the dataset. The 

distribution is right-skewed, with most samples ranging from 40 to 80 tokens and a long tail extending beyond 

120 tokens. This confirms substantial variation in input lengths, reinforcing the need to evaluate model 

robustness under different sequence-length conditions. 

 
Figure 2. Distribution of Token Lengths in the OSDG Community Dataset 

  
(a) (b) 

 
(c) 

Figure 3. Distribution of SDG Classes by Text Length: (a) Short, (b) Medium, (c) Long 
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Fig.3 shows that the SDG class distribution differs across text length categories. Short texts contain 

higher proportions of SDG 4, 5, and 11; medium texts remain relatively balanced; and long texts are 

dominated by SDG 16. Several classes (e.g., SDG 2, 10, 12) appear consistently low across all groups. This 

confirms that the dataset is imbalanced both by class and by text-length category, justifying the need to 

evaluate model robustness across different input lengths. 

2.2 Text Preprocessing  

Following the data collection phase, a systematic text preprocessing workflow was implemented to 

prepare the dataset for modeling. In this study, RoBERTa and GPT-based models, grounded in tokenization 

and contextual representation learning, were employed; therefore, preprocessing was designed to preserve 

sentence structure and semantic integrity. 

The preprocessing process included the following stages: 

1. Cleansing: removing URLs, HTML tags, emojis, usernames, hashtags, and special characters. 

2. Case Folding: all text was lowercased to ensure consistency and simplify token alignment. 

3. Normalization: informal terms, abbreviations, and typographical inconsistencies were standardized 

using a curated lexicon, particularly to address domain-specific linguistic noise. 

Unlike traditional pipelines, stopwords removal and stemming were omitted since prior studies show 

they can reduce transformer performance by disrupting contextual coherence [14]. Moreover, recent large-

scale surveys emphasize that although transformers appear robust, their sensitivity to preprocessing choices 

remains high, reinforcing the need for careful, and minimal intervention during input preparation [15]. 

The dataset was thus preserved in a cleaned, lowercased, and semantically intact form compatible with 

both RoBERTa’s and GPT’s tokenizers. The structural flow of the preprocessing procedure is encapsulated 

in Fig. 4, and Table 2 provides example text segments before and after preprocessing. 

 

Figure 4. Text Preprocessing for Transformer-based Models (RoBERTa and GPT-based Modes) 

Table 2. Sample of Preprocessed Text Segments for SDG Classification 

No Before Pre-processing After Preprocessing 

1 Another option would be to allow private 

practitioners to use the public clinic’s facilities at 

low (or no) cost from where they can bill the NHI 

for the patients that they see. This would still offer 

Korea’s substantial number of solo practitioners 

the opportunity to reduce overhead and 

administrative costs for of maintaining an 

independent practice. Unlike these countries, 

Korea does not have a large number of doctors 

trained as general practitioners, a strong 

professional identity for general practitioners, and 

high pay rates for general practitioners relative to 

specialists. 

Another option would be to allow private 

practitioners to use the public clinics facilities at 

low or no cost from where they can bill the nhi for 

the patients that they see this would still offer 

koreas substantial number of solo practitioners the 

opportunity to reduce overhead and administrative 

costs for maintaining an independent practice 

unlike these countries korea does not have a large 

number of doctors trained as general practitioners 

a strong professional identity for general 

practitioners and high pay rates for general 

practitioners relative to specialists 

2 …. …. 

15366 This could be more effective than the preferential 

feed-in tariffs for infant industries. To boost the 

development of wind energy, the region could 

stimulate its reindustrialisation by taking 

advantage of its component manufacturing base, as 

Chicago has done. While surface geothermal 

energy is already well-established in the Paris-IDF 

region, there is considerable underexploited 

potential in deep geothermal energy, but it will 

require major investments. 

This could be more effective than the preferential 

feed in tariffs for infant industries to boost the 

development of wind energy the region could 

stimulate its reindustrialisation by taking 

advantage of its component manufacturing base as 

chicago has done while surface geothermal energy 

is already well established in the paris idf region 

there is considerable underexploited potential in 

deep geothermal energy but it will require major 

investments 
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2.3 Dataset Splitting 

A stratified train-test split was performed after preprocessing, with 70% of the samples assigned to 

training and 30% to testing, while preserving the SDG category balance. This helps ensure the training set is 

representative while enabling fair evaluation on unseen data. The dataset is partitioned as follows [16]: 

1. 70% for training: Employed to fine-tune RoBERTa and train the fine-tuned GPT model, ensuring 

adequate exposure to examples from all SDG labels. 

2. 30% for testing: Held out for evaluating all classification modes, including RoBERTa, GPT 

zero-shot, few-shot, and fine-tuned, covering all input-length categories (short, medium, long, and 

all combined), ensuring consistent evaluation across all architectures and prompting strategies. 

By performing splitting separately within each length-defined subset, all models are trained and 

evaluated on data that reflect the characteristics of the specific input-length group. This ensures consistent 

and fair comparisons across architectures and supports a controlled analysis of model robustness under 

different document lengths. 

2.4 Classification Models  

This study compares two transformer-based classification strategies for mapping text segments to Sustainable 

Development Goals (SDGs): 

1. Fine-Tuned RoBERTa Model  

This model leverages a RoBERTa-based architecture and is adapted through supervised learning on 

annotated data to optimize its contextual representations for SDG classification [3]. 

2. GPT-Based Model 

This includes three approaches: Zero-Shot, Few-Shot, and GPT Finetuning. Zero-shot and few-shot 

variants use prompt-based inference without retraining model weights [17], [18], while GPT 

Finetuning is adapted via supervised prompt-response examples [19], [20], [21].  

2.5 Model Configuration 

To evaluate performance on multi-class classification, we employed three strategies: RoBERTa, fine-

tuned GPT, and GPT prompting (few-shot and zero-shot). This section details each model’s configuration. 

2.5.1 RoBERTa 

RoBERTa model, proposed by [22], is an encoder-only transformer architecture built upon the original 

BERT framework [23]. The model comprises several stacked encoder layers that incorporate self-attention, 

feed-forward networks, residual connections, and normalization to effectively extract deep contextual 

information from text [22].  

RoBERTa distinguishes itself from the BERT framework by eliminating the next-sentence prediction 

objective and incorporating dynamic masking, larger batch sizes, and longer pre-training, all of which 

improve downstream performance [24], [25]. The Roberta-base model and RobertaTokenizer from the 

Hugging Face Transformers library were fine-tuned in this study. Tokenization was performed with 

truncation and padding enabled, and maximum sequence length was capped at 256 tokens to ensure efficiency 

while accommodating all text samples [8]. Class labels were converted to zero-based integer indices to align 

with PyTorch.  

A total of 10 training epochs were used during the fine-tuning stage, with the AdamW optimizer using 

a fixed learning rate of 1×10⁻⁵ [3]. The choice of a relatively small learning rate follows previous findings 

indicating that lower learning rates help prevent catastrophic forgetting and ensure stable convergence during 

the fine-tuning of large transformer-based models. The AdamW optimizer was chosen because it has been 

shown to effectively train transformer-based models [26]. By separating weight decay regularization from 

the gradient update, AdamW reduces overfitting and enhances the model’s ability to generalize to unseen 

data [27]. A batch size of 32 was employed to balance computational efficiency and gradient stability, as 

larger batches, although potentially reducing generalization, typically lead to faster convergence and more 

efficient training [28]. The training process was conducted for 10 epochs [29], a choice empirically justified 

by its capacity to deliver adequate parameter updates conducive to convergence while mitigating the risk of 
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overfitting. Moreover, the sequence length constraint was set to 256 tokens, a compromise that preserved 

contextual depth without incurring excessive computational demand [22]. Lastly, the optimization objective 

incorporated a cross-entropy loss and a softmax activation function to effectively address the multiclass 

classification challenge [30]. 

2.5.2 GPT-Based Model 

Known as Generative Pre-trained Transformer (GPT), this model constitutes a large-scale, decoder-

centric transformer architecture introduced by [31] and subsequently expanded into more advanced versions, 

including GPT-3 and GPT-4 [32]. Built on the foundational transformer design proposed by [33], GPT uses 

a decoder-based architecture composed of hierarchically stacked transformer layers that integrate multi-head 

self-attention, position-wise feed-forward networks, residual pathways, and layer normalization. 

Collectively, these architectural components enable GPT to perform effective natural language processing 

and generation, yielding coherent, contextually appropriate outputs [34].  

Within this structural framework, the language model operates as a multi-layer transformer decoder 

that applies multi-headed self-attention to input sequences, followed by feed-forward layers to compute 

probabilistic output distributions over target tokens [32]. The canonical configuration typically comprises 12 

decoder layers utilizing masked self-attention, 768-dimensional hidden representations, and 12 attention 

heads, while the feed-forward layers employ 3072-dimensional intermediate states, and optimization is 

achieved via the Adam algorithm [31].  

2.5.2.1. GPT Fine-Tuning  

GPT-4.1- mini is fine-tuned to improve its performance on domain-specific classification tasks, 

particularly in specialized application areas. This process enables a general-purpose pre-trained model to 

specialize in specific tasks by adapting its parameters based on labeled training examples, thereby aligning 

its outputs with the requirements of SDG classification [35], [36]. The training corpus was derived from the 

OSDG Community Dataset, comprising 15,366 labeled samples, which were partitioned into 70% for training 

and 30% for testing. The fine-tuning workflow consisted of two stages: (i) prompt-completion formatting and 

(ii) model fine-tuning via the OpenAI API. 

Stage 1: Prompt-Completion Formatting 

To facilitate fine-tuning, all samples were converted into prompt–completion pairs according to the 

guidelines in the OpenAI documentation [37]. Each pair consisted of an instruction-like prompt, user input, 

and the expected SDG label as the completion. A fixed instruction template was employed to guarantee 

consistency across the dataset: 

System: You are an intelligent classification system that maps texts to any of 

the 16 UN Sustainable Development Goals (SDGs), numbered 1 through 16. Given 

the following text, determine which SDG (1 to 16) best represents its main 

theme. Respond with only a single integer between 1 and 16. Do not include 

any explanation or extra text, just the number. 

User: Text: "[TEXT]" 

Assistant: [SDG_LABEL] 

The data were serialized into JSONL format, with each line representing a single training example 

ready for fine-tuning.  

Stage 2: Fine-Tuning Process 

After structuring the dataset, the JSONL file was uploaded to the OpenAI File API with a unique 

identifier. Fine-tuning on the GPT-4.1-mini model followed a supervised learning approach, updating model 

parameters from labeled prompt–completion pairs to improve task-specific performance. 

The training configuration used two epochs, following the setup from previous fine-tuning experiments 

[38], with a batch size of 32 as reported in similar work [39]. A comparatively low epoch count was selected 

to reduce computational cost and avoid excessive training iterations, which can lead to overfitting in transfer 

learning settings [40]. The batch size of 32 was chosen as a standard configuration commonly adopted in 

transformer fine-tuning, providing a practical balance between gradient stability and training efficiency. A 

learning rate multiplier of 0.1 was used. The value was selected empirically as the most stable during 
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preliminary trials, as prior work has empirically shown that such configurations can slightly improve 

validation performance [41]. Finally, evaluation was conducted using the Chat Completion API with a 

temperature of 0, a configuration that ensures deterministic outputs and consistent evaluation conditions [17]. 

A schematic representation of the procedural framework is delineated in Algorithm 1. 

Algorithm 1. Fine-tuning GPT-4.1-mini for SDG Classification 

Input : OSDG dataset in prompt-completion JSONL format (15,366 samples). 

Output : Fine-tuned GPT-4.1-mini model 𝑓𝛉.  

1. Initialize the pre-trained model 𝑓𝛉  (GPT-4.1-mini). 

2. For each training pair (𝑝𝑖, 𝑐𝑖): 

a. Encode the prompt 𝑝𝑖. 

b. Predict the output distribution 𝑐𝑖̂ =  𝑓𝛉 (𝑝𝑖).  

c. Compare  𝑐𝑖̂ with the target label 𝑐𝑖. 

3. Adjust model parameters iteratively using mini-batches of size 32. 

4. Repeat the training process for two training epochs.  

5. Store the resulting fine-tuned model identifier 𝑓𝛉∗  for inference. 

2.5.2.2. GPT Prompting (Zero-shot and Few-shot Prompting)  

The model’s in-context reasoning ability was evaluated using GPT-4.1- mini via OpenAI’s ChatGPT 

API. These approaches operate without parameter tuning, leveraging the model’s pre-trained knowledge  

[17], [42]. In the zero-shot setup, the model receives an instructional prompt and input text, following 

OpenAI’s template for classification tasks:  

System: You are an intelligent classification system that maps texts to any of 

the 16 UN Sustainable Development Goals (SDGs), numbered 1 through 16. Given 

the following text, determine which SDG (1 to 16) best represents its main 

theme. Respond with only a single integer between 1 and 16. Do not include 

any explanation or extra text, just the number. 

User: Text: "[TEXT]" 

Assistant: [SDG_LABEL] 

For the few-shot configuration, we embedded five labeled exemplars per SDG (totaling 80 in-context 

examples) directly into the prompt. The examples were drawn from the training set using a stratified, fixed-

sampling approach to ensure representativeness and reproducibility [43]. The unlabeled test instance was 

appended at the end. The average prompt length was ~2,800 tokens while remaining fully compatible with 

the GPT-4 context window, thereby avoiding truncation. All GPT prompting was conducted with temperature 

= 0 to ensure deterministic outputs, following OpenAI's best practices [44]. Inference was performed on a 

held-out stratified test set (30% of OSDG data; N = 15,366), consistent with the split used in the fine-tuned 

model. The procedure is in Algorithm 2. 

Algorithm 2. GPT Prompting for SDG Classification 

Input:  

Test set {(𝑥𝑗 , 𝑦𝑗)}
𝑗=1

𝑀
 with 𝑀 =  𝑛𝑡𝑒𝑠𝑡  

𝑥𝑗: input text instance (document, review, or report) 

𝑦𝑗: ground-truth SDG label, 𝑦𝑗  ∈  {1, … ,16}  

Prompt template T 

Exemplar set E (few-shot only) 

Output: Predicted labels 𝑦𝑗̂ for each test sample 
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1. For each test instance (𝑥𝑗 , 𝑦𝑗): 

a. If zero-shot: construct prompt 𝑝𝑗 = 𝑇(𝑥𝑗). 

b. If few-shot: construct prompt 𝑝𝑗 = 𝑇(𝐸 ∪ {𝑥𝑗}). 

2. Submit 𝑝𝑗 to GPT-4.1-mini using Chat Completions API with temperature = 0. 

3. Parse the output as a single integer label 𝑦𝑗̂ ∈  {1, … , 16}. 

4. Collect predictions {𝑦𝑗̂}
𝑗=1

𝑀
. 

5. Compare 𝑦𝑗̂ with ground truth 𝑦𝑗 to compute macro-level metrics (F1-score, Balanced Accuracy, 

Precision, Recall). 

2.6 Evaluation Metrics  

The classification results were assessed using four metrics derived from the confusion matrix, where 

each entry 𝑀𝑖𝑗 indicates the count of instances from class 𝑖 predicted as class 𝑗, as in Eqs. (2), (3), (4), and 

(5) [45], [46]: 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
1 

𝐾
∑

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝐾

𝑖=1

, (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑚𝑎𝑐𝑟𝑜 =  
1 

𝐾
∑

𝑇𝑃𝑖

𝑇𝑃𝑖 +  𝐹𝑃𝑖

𝐾

𝑖=1

, (3) 

𝑅𝑒𝑐𝑎𝑙𝑙𝑚𝑎𝑐𝑟𝑜 =  
1 

𝐾
∑

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝐾

𝑖=1

, (4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒𝑚𝑎𝑐𝑟𝑜 =  
1 

𝐾
∑

2 × 𝑇𝑃𝑖

2 ×  𝑇𝑃𝑖 +  𝐹𝑃𝑖 + 𝐹𝑁𝑖

𝐾

𝑖=1

. (5) 

3. RESULTS AND DISCUSSION  

3.1 RoBERTa Implementation 

To examine RoBERTa’s behavior across different input-length categories, we evaluated its 

performance separately on short, medium, long, and all-combined text groups using identical train–test splits. 

The evaluation uses four metrics, namely balanced accuracy, macro F1, macro precision, and macro recall. 

  
(a) (b) 
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(c) (d) 

Figure 5. Confusion Matrices on the Test Set Across Input-Length Categories for RoBERTa: (a) Short, (b) Medium,  

(c) Long, (d) All combined. 

Fig. 5 shows RoBERTa’s confusion matrices for short, medium, long, and all combined inputs. Medium 

texts produce the strongest diagonals, with high true-positive counts for major SDGs such as 3, 4, 5, 6, 7, and 

15, indicating stable separation across classes. Short inputs remain fairly accurate but display greater 

confusion, especially for lower-resource goals like SDGs 8, 9, 10, and 12, reflecting the limited contextual 

cues in brief texts. 

Long inputs yield the weakest patterns because only a small number of documents fall into this 

category, resulting in sparse diagonals and more split predictions for SDGs with very few samples. The 

combined matrix mirrors the dataset imbalance: high-frequency SDGs are predicted reliably, whereas low-

resource SDGs, such as 10, show greater dispersion. Overall, RoBERTa performs most consistently on 

medium-length texts, with accuracy decreasing for short and especially long inputs. 

3.2 Fine-Tuned GPT  

The fine-tuned GPT model was evaluated using the same train–test split and input-length categories as 

RoBERTa. The assessment focuses on the model’s prediction outputs, including class-level performance and 

error distribution.   

  
(a) (b) 
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(c) (d) 

Figure 6. Confusion Matrices on the Test Set Across Input-Length Categories for Fine-Tuned GPT: (a) Short, (b) 

Medium, (c) Long, (d) All combined. 

Fig. 6 shows across all input-length subsets, the model demonstrates strong predictive accuracy for 

high-frequency SDGs such as SDG 3, 4, 5, and 16, as indicated by the clear diagonal patterns in the confusion 

matrix. Medium-length texts perform best, achieving high accuracy with minimal misclassification, 

particularly for SDG 5 and SDG 16. This suggests that medium-length inputs provide contextual richness. In 

comparison, short texts exhibit more frequent misclassification, especially within semantically overlapping 

categories such as SDG 1, 2, and 8. Although SDGs 3 and 4 perform well, short texts show wider errors, 

reflecting difficulty distinguishing nuanced categories with limited context. For example, SDG 2 is often 

conflated with SDG 1, and SDG 8 tends to overlap with SDG 1 or SDG 13.  

For long inputs, the model remains accurate on dominant goals such as SDG 16, but overall predictions 

are sparser. This may result from truncation, saturation, or a diluted signal-to-noise ratio, where important 

features are buried in a long context. In the combined evaluation across all input lengths, the model continues 

to perform well on frequently occurring categories, including SDG 3, SDG 5, and SDG 16. However, 

misclassifications persist for less frequent goals, including SDG 8, 9, 10, 12, and 13. These labels are often 

confused with similar goals (e.g., SDG 1 or 8), highlighting challenges posed by class imbalance and semantic 

overlap. 

3.3 Zero-Shot GPT Performance on SDG Classification 

GPT, in its zero-shot configuration without task-specific adaptation, exhibits different performance patterns 

than its fine-tuned counterpart.  

  
(a) (b) 
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(c) (d) 

Figure 7. Confusion Matrices on the Test Set Across Input-Length Categories for Zero-Shot Prompting GPT: (a) 

Short, (b) Medium, (c) Long, (d) All combined. 

As shown in Fig. 7, it performs reasonably well on frequent, semantically distinct goals such as SDGs 

3, 4, 5, and 16. However, it struggles with goals that have overlapping themes, such as SDG 1, 2, and 8, where 

many instances of SDG 1 are misclassified as SDG 8 or 10. These errors indicate that the model depends on 

surface-level cues rather than deep semantic understanding, limiting its ability to distinguish closely related 

goals. Although diagonal structures remain evident, the overall prediction density is lower than that of the 

fine-tuned GPT, reflecting diminished precision and greater uncertainty. SDG 7, for example, is often 

misclassified as SDG 13 or 10 due to shared environmental or infrastructure-related keywords. These findings 

highlight the limitations of zero-shot GPT in nuanced SDG classification and emphasize the need for fine-

tuning or few-shot approaches, especially when dealing with low-resource labels. 

3.4 Few-Shot GPT Performance across Input Lengths 

Compared to zero-shot, few-shot prompting significantly enhances model calibration and label 

distinction, as seen in Fig. 10, where confusion matrices show clearer and denser diagonal patterns, reflecting 

improved prediction accuracy.   

  
(a) (b) 
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(c) (d) 

Figure 8. Confusion Matrices on the Test Set Across Input-Length Categories for Few-Shot Prompting GPT:  

(a) Short, (b) Medium, (c) Long, (d) All combined. 

Fig. 8 shows that few-shot prompting performs best on medium-length inputs, yielding accurate 

predictions for frequent goals such as SDG 3, 4, 5, and 16, with reduced confusion across overlapping 

categories. Gains are also noted for SDG 6, 7, and 10, showing that representative examples help clarify 

context. However, short texts remain challenging; despite slight improvements, misclassifications persist for 

semantically similar goals, such as SDG 1, 2, 8, and 13, due to limited context.  

Long inputs show no significant advantage over medium ones. The confusion patterns remain similar, 

suggesting performance saturation likely caused by diluted relevant information or token limit constraints. 

Across all input lengths, accuracy is high for dominant goals (SDG 5, 16) but struggles with rare or 

semantically close labels. Frequent mix-ups, such as SDG 8 with SDG 9 or SDG 1 with SDG 2, highlight the 

persistent challenges of semantic overlap and class imbalance, even with few-shot prompting. 

3.5 Representative Text-Level Prediction Cases 

To complement the quantitative evaluation and provide concrete evidence for the classification patterns 

observed in the confusion matrices, Table 3 presents selected examples that reveal distinct success and failure 

patterns across models. 

Table 3. Sample of Preprocessed Text Segments for SDG Classification 

No Text 
True 

SDG 

Zero-

Shot 

Few-

Shot 

Fine-

Tuned 
RoBERTa 

1 many technology however still experimental stage 

discusses new technology could potentially shorten last 

mile tor household smes remote area suggests 

investment could help close existing gap partnership 

effective within well designed regulatory environment 

however resource currently absent short supply many 

smes especially remote location 

9 9 9 9 7 

2 since road death steadily decreased fluctuation halved 

korea counted road death decrease compared level 

population million million registered vehicle around 

vehicle per inhabitant korea road network total includes 

motorway 

11 3 3 11 11 

3 collection medical waste transported treatment facility 

sterilized hydroclave transported disposal site disposed 

together general municipal waste considering infectious 

waste represents per cent total medical waste manage 

quarter infectious waste generated albania seven 

hospital house sterilization unit dispose waste 

independently 

12 3 3 3 12 
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The examples in Table 3 highlight how the four models handle different thematic cues in SDG-related 

texts. In the first example, all GPT variants correctly predicted SDG 9, while RoBERTa misclassified the text 

into SDG 7. This suggests that GPT models captured the broader context of innovation and industrial 

development, whereas RoBERTa was more affected by energy-related keywords that commonly co-occur 

with SDG 7. In the second example, RoBERTa and Fine-tuned GPT correctly identified SDG 11 due to clear 

references to transportation safety and urban infrastructure, whereas Zero-Shot and Few-Shot GPT 

misclassified the text as SDG 3, likely because health-related terms dominated their decisions. The third 

example shows the opposite pattern: RoBERTa correctly predicted SDG 12 by recognizing waste-

management cues, while all GPT variants predicted SDG 3, reflecting their sensitivity to recurring medical 

and healthcare terminology within the text. These cases demonstrate that GPT models tend to prioritize 

dominant thematic signals, whereas RoBERTa is more influenced by specific keyword patterns, resulting in 

complementary strengths across different SDG contexts. 

3.6 Model Performance and Stability Evaluation  

This study evaluated the performance of four classification approaches applied to SDG-related texts. 

Fig. 9 presents a bar chart comparing their F1-scores across four input-length subsets.  

 
Figure 9. Bar Chart Illustrating the Macro F1-Score Comparison Among Roberta, Gpt Zero-Shot, Gpt Few-Shot, and 

Fine-Tuned GPT Across Four Input-Length Subsets 

Fig. 9 compares macro F1-scores across input-length subsets and shows that Fine-tuned GPT achieves 

the strongest class-balanced performance across all groups. RoBERTa ranks second-best, with relatively 

stable macro F1 scores, particularly in the all-combined and medium subsets, indicating that it can handle 

both major and minor SDG classes more reliably than zero-shot or few-shot prompting. Few-Shot GPT 

consistently performs better than Zero-Shot across all subsets, showing that even a small number of examples 

helps the model distinguish between SDGs with greater class balance. Zero-Shot GPT produces the lowest 

macro F1 values, with the shortest bars across all four groups, reflecting weaker performance on 

underrepresented SDGs when no examples are provided. 

Fine-tuned GPT achieved the strongest performance across all input-length subsets, as summarized in 

Table 4. On the all-combined dataset, it produced the highest macro F1-score (0.9204) along with strong 

precision (0.9237), recall (0.9185), and balanced accuracy (0.9185). This advantage remained consistent 

across short (F1 = 0.9130), medium (F1 = 0.9232), and long texts (F1 = 0.8839), indicating that the model 

generalizes well across varying document length and contextual richness. 

Table 4. Evaluation Metrics for Four Classification Approaches on SDG Text Data Across all length.  

Dataset Evaluation 
Methods 

RoBERTa GPT-Zero Shot GPT-Few Shot Fine-tuned GPT 

SDGs All 

 

Balance Accuracy 0.8759 0.8251 0.8525 0.9185 

F1 Macro 0.8798 0.7728 0.848 0.9204 

Precision Macro 0.8854 0.7768 0.8496 0.9237 

Recall Macro 0.8759 0.7765 0.8525 0.9185 

SDGs Short Balance Accuracy 0.8347 0.8254 0.8451 0.9072 

F1 Macro 0.8404 0.8059 0.8326 0.913 

Precision Macro 0.8548 0.8085 0.8341 0.9206 

Recall Macro 0.8347 0.8254 0.8451 0.9072 
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Dataset Evaluation 
Methods 

RoBERTa GPT-Zero Shot GPT-Few Shot Fine-tuned GPT 

SDGs 

Medium 

Balance Accuracy 0.8906 0.8225 0.8493 0.9215 

F1 Macro 0.8891 0.7698 0.8436 0.9232 

Precision Macro 0.8919 0.7739 0.8454 0.9271 

Recall Macro 0.8906 0.7741 0.8493 0.9215 

SDGs Large Balance Accuracy 0.7519 0.8254 0.8493 0.8904 

F1 Macro 0.7347 0.8059 0.8436 0.8839 

Precision Macro 0.7289 0.8085 0.8454 0.885 

Recall Macro 0.7519 0.8254 0.8493 0.8904 

 

 
Figure 10. Radar Chart Visualization of f1-Macro Stability Across all Combined, Short, Medium, and Long Subsets 

for Each Classification Method. 

Fig. 10 illustrates the macro F1-score comparison across the four input-length categories. Fine-tuned 

GPT takes the largest and most uniform shape, demonstrating consistently strong performance across text 

lengths. The model maintains high scores across all-combined, short, medium, and long subsets, indicating 

that fine-tuning provides strong generalization even when contextual details vary. RoBERTa ranks second 

but shows greater variation across text lengths. Its highest macro F1-score occurs in the medium subset, 

remains competitive in the all-combined subset, drops slightly for short inputs, and reaches the lowest value 

on long texts. GPT Few-Shot forms a smaller but relatively stable profile, outperforming the zero-shot setting 

across all subsets. GPT Zero-Shot consistently produces the smallest polygon, indicating limited performance 

without example-based guidance or fine-tuning.  

Text classification remains a central component of NLP for sustainable development, yet previous 

studies have not thoroughly examined how variations in input granularity influence the performance of GPT-

based models. This study fills that gap by systematically evaluating zero-shot, few-shot, and fine-tuned GPT 

models on SDG texts of varying lengths. Prior studies, including those by [47] and [48], demonstrate that 

fine-tuned BERT-based models often surpass prompting-based methods in binary or abstract tasks. 

Nonetheless, these works did not account for input length variation or benchmark against decoder-based 

architectures, such as GPT-based models. 

The results confirm that Fine-tuned GPT remains the strongest performer across all input-length 

categories, achieving the highest macro F1-scores on every subset. Its performance is consistently superior 

across all input lengths, and although the score decreases on long texts, it still outperforms the other 

approaches. Zero-shot GPT produced the weakest results, particularly because it struggled to handle 

semantically overlapping SDGs without task-specific examples. Few-shot prompting improved performance 

over Zero-shot and produced a more balanced profile, but it generally remained below RoBERTa. RoBERTa 

performed reliably, especially on medium-length texts, yet still trailed Fine-tuned GPT across all input 

lengths. 

This aligns with prior work, such as [20], which reported a 10.6% boost in performance when fine-

tuning GPT-3.5 over BERT in the domain of automated educational scoring. Study [18] investigated input-

length variation using the SDGi corpus but did not evaluate GPT-based model strategies. Similarly, studies 
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such as [9] explored tuned models without evaluating performance shifts across input granularities.  The 

superiority of fine-tuned GPT can be explained by domain adaptation, prompt-response supervision, and 

richer contextual embeddings, which enable the model to capture nuanced SDG semantics beyond prompting. 

Meanwhile, RoBERTa’s stability on medium texts highlights the strengths of encoder-only architectures for 

dense but not overly long inputs. This complementary pattern underscores the primary contribution of this 

research by providing a systematic evaluation of GPT strategies and RoBERTa across varying input-length 

conditions, addressing a gap in prior SDG classification studies and offering evidence that fine-tuned LLMs 

can serve as tools for sustainability-focused NLP applications. 

3.7 Computational Cost vs Accuracy Trade-off  

While Fine-tuned GPT achieves the highest accuracy, its deployment requires recurring API usage, 

which introduces operational costs for public institutions. The improvement over RoBERTa in the all-

combined subset reaches 4.61% in macro F1, with gains ranging from 3.83% to 20.31% across specific input-

length categories. Whether these improvements justify continuous API expenses depends on the institutional 

context. For high-stakes policy applications, where misclassification can lead to incorrect thematic alignment 

or downstream decision-making errors, even a 3–5% performance gain may offer substantial practical value. 

In contrast, for routine or large-volume classification tasks with lower sensitivity to marginal differences in 

accuracy, a locally hosted RoBERTa model may be a more cost-efficient option, particularly because it incurs 

no additional inference cost once deployed. These findings indicate that Fine-tuned GPT is most suitable for 

government institutions requiring high reliability across diverse document lengths, while RoBERTa remains 

a viable and cost-effective baseline for resource-constrained environments. 

4. CONCLUSION 

This study compared RoBERTa with three GPT-based approaches, namely zero-shot, few-shot, and 

fine-tuned GPT, for multiclass SDG text classification across short, medium, long, and all-combined inputs. 

Fine-tuned GPT consistently achieved the strongest performance, with macro F1-scores above 0.88 and 

improvements of 3.8-20.3% over RoBERTa across the different input-length categories. RoBERTa remained 

the second-best model and performed most reliably on medium-length texts, while zero-shot and few-shot 

prompting produced weaker results, particularly for semantically overlapping and low-resource SDGs. These 

findings highlight the value of task-specific fine-tuning for achieving accurate and stable SDG classification 

across variable document lengths, supporting the development of automated monitoring systems for policy 

and institutional use. Future research may explore multi-label or hierarchical SDG classification, multilingual 

SDG corpora, significance testing, and multi-fold validation to improve reliability assessment, and the 

integration of explainability techniques to enhance transparency and auditability in sustainability-oriented 

decision-making. 
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