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Digital Governance deals with vast data. One of the domains in digital governance is tendering, which 

uses multiple documents, including a Request for Proposal (RFP). These documents contain extensive 

information, particularly detailing the project's expected requirements. For these RFP documents, the 

identification and classification of requirements are essential. One of the existing datasets under the 

software engineering domain is the PROMISE dataset for software requirements; this work takes 

inspiration from the PROMISE dataset and curates a dataset for digital governance software 

development-related RFP documents. The curated domain-specific dataset for text classification uses a 

pre-trained language model to classify functional and non-functional requirements. Experiments were 

performed to compare the Transformer's model performance with the baseline dataset, the curated 

DigiGov RFP dataset, and the concatenated PROMISE + DigiGov RFP datasets.  

The model's statistical performance across the datasets is assessed using an ANOVA test. The work 

focuses on automating RFP document statement classification using transformer-based pre-trained 

models through transfer learning, increasing productivity and accuracy in the field of digital governance. 

The research shows that using state-of-the-art techniques for RFP documents can effectively enhance the 

quality of the bidding process. This technique can bring automation to requirement analysis in the bidding 

process, strengthening the digital governance process. 

Povzetek: Študija pokaže, da lahko Transformerski modeli z uporabo prenosnega učenja učinkovito 

avtomatizirajo razvrščanje zahtev v RFP dokumentih ter izboljšajo natančnost in učinkovitost digitalnega 

upravljanja. 

 

 

1  Introduction 

Digital governance uses state-of-the-art technologies to 

improve the delivery of government services to users [1]. 

The main objective of digital governance is to provide 

government services in an easy-to-use manner with 24/7 

availability. In addition, the services offered should be 

transparent and efficient. To attain this goal, through e-

Tendering and procurement, government departments try 

to identify the agencies that will implement the desired 

services effectively and on time. e-Tendering and 

procurement is an online platform for conducting 

government tendering and procurement. Many documents 

like Tender notices, Requests for Proposals (RFP), 

Requests for Quotations (RFQ), Vendor Profiles, Financial 

Bids/Proposals, etc., are published in this domain. 

Government departments and agencies use government 

electronic tendering services, inviting tenders for required 

goods, services, and products. Bidders carefully review the 

tender documents to understand the requirements and then 

submit their bids online. Figure 1 illustrates the steps of the 

online tendering process. 

 
Figure 1: e-Tendering process 

 

An organisation initiates the tendering process for a project 

for goods or services using an RFP. Many government and 

non-government organisations use these documents to 
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solicit proposals from vendors or suppliers for 

services/solutions. These documents usually contain 

information like the scope of the project, technical and 

functional requirements of the projects, expected timeline, 

guidelines, and criteria for who can participate in the 

bidding process. These RFP documents aim to clarify all 

the project requirements so that bidders can understand and 

prepare the detailed proposal accordingly. Bidders play a 

crucial role in the bidding process. The process used by 

bidders includes understanding the requirements 

mentioned in the RFP document by reviewing it 

thoroughly and, after getting sufficient clarification, 

preparing a technical and financial proposal that mentions 

how they plan to meet the requirements and at what cost, 

adhering to the guidelines they submit the bids. Bidders 

usually manually analyze RFP documents, where human 

expertise is required to identify and understand the 

requirements and decide whether they are feasible for the 

organization. 

With the advent of machine learning and AI, researchers 

and practitioners explore the technology to simplify the 

required understanding of RFPs. Specific works of 

literature have attempted to study the role of automating 

the information classification/extraction of data from the 

proposal documents from different business domains, viz. 

banking, railways, etc. [2][3][4]. It is observed from the 

literature that there is a need for automation in digital 

governance concerning the e-Tendering process, 

especially in the Request for Proposal document [5]. 

This work uses a transformer-based pre-trained 

classification model for digital governance RFPs for 

software requirements classification. By exploring the 

existing PROMISE dataset and the state-of-the-art 

methods, we tried to achieve better accuracy in hierarchical 

requirement classification. A classifier leveraging pre-

trained models classified requirements, and researchers 

evaluated its performance on the curated datasets. The 

process uses Knowledge Discovery in Databases (KDD) to 

accomplish this. This process describes the necessary steps 

and risks to be aware of when using data mining techniques 

to create knowledge from raw data. The process contains 

the following steps: 

1. Understanding the Application Domain: RFP 

documents have information related to the scope of the 

requirements, which can assist in identifying the 

application domain. 

2. Creating a Dataset: A new data set is curated, which 

comprises statements in RFP documents. The system 

labels these statements according to their relevant 

categories. (e.g., functional or non-functional). The 

authors named the dataset as Digi-Gov. In this research 

PROMISE dataset is combined with Digi-Gov data set 

to make a larger dataset. 

3. Pre-processing :Data quality was enhanced using text 

cleaning, noise removal and normalisation.  

4. Data Transformation: The pre-processing step 

transforms the textual data into tokenized 

representations suitable for machine learning 

algorithms. 

5. Choosing the Algorithm:The work initially used 

different machine learning algorithms followed by 

transformer-based pre-trained models for fine-tuning, 

as they are well-suited for text classification tasks. 

6. Evaluation: The evaluation was then performed on the 

dataset to yield classification results for Digital 

governance RFP documents using  performance 

metrics such as accuracy, Precision, Recall, and F1-

score. 

The remaining paper is organised as follows. Section 2 

presents the related work. Section 3 describes the 

methodology used to achieve the objectives. Section 4 

discusses the proposed work and research questions. 

Section 5 discusses the Experimental setup, and Section 6 

discusses Results. Finally, section 7 presents the 

conclusions. 

2 Related work 

Several requirements from the technical, business, and 

regulatory domains are contained in RFP documents, 

which are intricate business artifacts. An RFP usually 

consists of 30 to 50 questions, each of which contains 

several requirements. It takes a lot of human labor to 

analyze these needs, and SMEs spend a lot of time 

accurately finding and categorizing requirements. 

Incorrect classification of requirements in RFP can lead to 

serious business consequences. As demonstrated in [4], 

missing or misclassifying critical requirements can result 

in non-compliant proposals and potential contract loss. 

Studies estimate that companies spend 20-40% of pre-sales 

effort on requirement analysis. Therefore, requirement 

classification becomes an indispensable task. 

Requirement classification is a critical component in 

understanding RFP analysis. Previous works have 

demonstrated that accurate requirement classification 

forms the foundation for successful RFP response 

generation.An RFP document is an essential set of 

documents organisations use in e-Tendering. Manual 

assessment and analysis of such documents are time-

intensive and tedious. This section summarises related 

work by other researchers. 
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Table 1: Related work 

 
Study Domain Methods Used Dataset Key findings Limitations/Gap 

Paech et al. [2] 

RFP response 

roles & supplier 

challenges 

Qualitative analysis 
Industry RFP 

responses 

Identified key stakeholder 

roles; supplier-side framework 

No automated 

classification; no 

ML/DL models 

Rajbhoj et al. 

[3] 

RFP query 

response 

automation 

Rule-based + pattern 

matching 

15 RFPs 

(300+ 

questions) 

Achieved 76% precision, 86% 

recall 

No deep learning; 

weak contextual 

understanding 

Rajbhoj et al. 

[4] (OpenNLP) 
RFP classification 

MaxEnt classifier + rule-

based 

16 RFPs (200 

Qs) 

Basic NLP achieves modest 

results 

No transformers; poor 

ambiguity handling 

Saha et al. [6] 
RFP specification 

extraction 
NLU-based classifier 169 RFPs ~85% intent accuracy 

Only networking 

domain; limited 

generalizability 

Winkler et al. 

[7] 

Software 

requirement 

classification 

CNN 
Industry 

dataset 

Feasible CNN-based 

classification 

Low interpretability; 

dataset-specific 

performance 

Navarro-

Almanza et al. 

[8] 

Multi-class 

requirement 

classification 

CNN 
PROMISE 

(625 req.) 

Demonstrates DL feasibility 

without feature engineering 

Small & imbalanced 

dataset; limited 

performance 

Hey et al. 

(Norbert) [9] 

NFR/FR 

classification 
Fine-tuned BERT 

Relabeled 

PROMISE 

(612 req.) 

F1: 90% (FR), 93% (NFR) 

Student-written, noisy 

dataset; external 

validity weak 

Sainani et al. 

[10] 

Requirements 

from contracts 

ML (SVM, NB, RF) + 

BiLSTM + BERT 

20 software 

contracts 
BERT achieved >84% F-score 

Small dataset; 

domain-specific 

governance contracts 

Tiun et al. [11] 
FR/NFR 

classification 

BoW, TF-IDF, 

Doc2Vec, fastText + ML 
RE’17 dataset 

fastText + SVM/LR perform 

best 

Traditional ML > DL; 

simple tasks only 

Luo et al. 

(PRCBERT) 

[12] 

Requirement 

classification with 

prompting 

BERT-based prompt 

model 

Larger 

PROMISE-

like datasets 

Improved accuracy via self-

learning 

Slow inference; 

binary-per-class 

limitations 

Kaur et al. 

(BERT-

BiCNN) [13] 

Hybrid deep 

model for 

requirement 

classification 

BERT + BiLSTM + 

CNN 
SE datasets 

Captures context + features 

effectively 

Dataset 

representativeness 

issues; not compared 

to full SOTA 

Kaur et al. 

(MNoR-BERT) 

[14] 

Multi-label NFR 

from app reviews 

BERT + multi-label 

classification 

6,000 iOS app 

reviews 

Better than 

NB/SVM/CNN/BiLSTM 

baselines 

Domain mismatch 

(app reviews ≠ RE 

documents) 

Sonawane et al. 

[15] 

FR/NFR/Other 

classification 

CNN + FPO 

optimization 

SmartNet 

dataset 
CNN-FPO improves accuracy 

Not compared with 

transformers; small 

dataset 

Gracia et al. 

[16] 

NFR classification 

improvement 

CNN + 

Word2Vec/FastText 

embeddings 

PROMISE FastText > GloVe 
Limited dataset; CNN 

limitations remain 

Saqib et al. [17] 

Hierarchical 

transfer learning 

for FR/NFR 

HTL + BERT 

PROMISE + 

NGO + 

School 

datasets 

Cross-domain effectiveness 

shown 

Needs interpretability; 

potential data bias 

Despite significant progress in requirement classification 

using machine learning and transformer-based models, 

existing SOTA approaches exhibit several limitations 

when applied to digital-governance RFPs: 

Lack of domain-specific datasets: Most works rely on 

PROMISE or general SE datasets, which do not reflect the 

terminology, structure, and requirement complexity of 

digital-governance RFP documents. 

Limited evaluation across heterogeneous datasets,prior 

studies seldom perform comparative analysis on multiple 

datasets or on combined datasets that integrate domain-

specific and general-purpose requirements. 

Inadequate handling of contextual ambiguity in RFP 

language: 

Many approaches focus on short, well-structured 

requirement statements, whereas RFP requirements are 

lengthy, semantically dense, and often contain domain-

specific constraints. 

No existing work addresses functional vs. non-functional 

classification for government procurement documents. 

To address these gaps, this work contributes:a curated 

Digi-Gov RFP dataset,a comparative evaluation of four 

transformer models (BERT, RoBERTa, 

DistilBERT,XLNet)across multiple datasets (PROMISE, 

Digi-Gov, curated combined dataset), and an analysis 
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demonstrating how domain-specific data improves 

requirement classification performance. 

This makes the proposed study the first systematic 

exploration of transformer-based requirement 

classification specifically for digital-governance RFPs. 

3 Methodology 

The categorization of requirements found in Request for 

Proposal (RFP) documents related to software projects for 

digital governance is the subject of this study. As part of 

the proposal preparation process, bidders are expected to 

evaluate and interpret these RFPs, which provide 

comprehensive project requirements.   

 

 

Figure 2: Method to Classify RFP Document 

Requirements. 

The classification task is important for the bidders to gain 

clarity so that they can separate out functional requirments 

and non functional requirments and have better 

understanding, to do better planning of resource allocation 

and effort estimation. Early identification may also ensure 

alignment with regulatory standars and revelance of 

system specifications. 

3.1 Digital-Governance RFP dataset 

The Digital-Governance dataset  curated specifically for 

this study to represent authentic e-governance 

requirements. A total of 30 Request for Proposal (RFP) 

documents were collected from official procurement 

portals, including the Central Public Procurement Portal 

(CPPP), GeM, NIC eProcure, and state-level e-tendering 

websites. These documents cover diverse domains within 

e-governance such as citizen service delivery platforms, IT 

infrastructure, software application development, and 

system integration projects. 

The dataset curation process follows a structure similar to 

the PROMISE dataset to ensure standardization, 

consistency, and compatibility with established 

benchmarking practices. 

The tera-PROMISE repository is a well-known source of 

software engineering research datasets, including 

COCOMO, Function Point Analysis, Refactoring, 

Requirements, and Search-based SE datasets. Among 

these, the “nfr” requirements dataset is particularly 

relevant to our work, as it focuses on requirement 

classification. 

In this dataset, all requirements not labeled “F” are 

categorized as non-functional and are further grouped into 

specific types, as summarized in the following table. 

Table 2: Requirements label 

 

Label Requirement Type 

F Functional 

A Availability 

L Legal 

LF Maintainability 

MN Maintainability 

O Operational 

PE Performance 

SC Scalability 

SE Security 

US Usability 

FT Fault tolerance 

PO Portability 

 

Each RFP was manually reviewed, and requirements were 

extracted and labeled by domain experts as functional or 

non-functional. Non-functional requirements were further 

assigned to relevant subcategories, resulting in the Digi-

Gov labeled dataset. 
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Class Distribution & Imbalance: 

Binary classification showed severe imbalance, with 

Non-Functional requirements contributing only 20–25% 

of statements. SMOTE was applied only to the training 

data for the binary model. 

For NFR sub-types, categories such as Security were 

dominant, while Usability, Reliability, and Portability 

were sparse. To avoid semantic distortion, SMOTE was 

not used for multi-class tasks; instead, transformer models 

employed class-weighted loss functions. 

For classification, transformer models (BERT, RoBERTa, 

DistilBERT, and XLNet) were fine-tuned on the labeled 

data. Requirement statements were tokenized, split into 

training and testing sets, and trained using a classification 

head with cross-entropy loss, AdamW  

optimization, and a learning-rate scheduler. Performance 

was measured using accuracy, precision, recall, and F1-

score, and the fine-tuned models were used for inference 

on new statements. 

The data comparison between the curated and original 

PROMISE datasets highlights the differences in Figure 3. 

 

 

Figure 3: Curated and Original Dataset Rows Comparison 

Two datasets combine and curate a concatenated dataset, 

Promise+Digi-Gov. 

3.2 Pre-trained language model 

Pre-trained language models are trained on large text 

corpora and capture contextual, syntactic, and semantic 

patterns useful for downstream tasks such as text 

classification. For our study we use the methodology 

similar to Alhaizaey[27] where we evaluate different 

pretrained transformer models on our dataset.

 

Table 4 : Description of model used 

 

Model Architecture Type 
Pretraining 

Objectives 
Key Characteristics Advantages Citations 

BERT 

Bidirectional 

Transformer 

Encoder 

- Masked Language 

Modeling (MLM) - 

Next Sentence 

Prediction (NSP) 

Learns bidirectional 

context using self-

attention 

Strong baseline; 

high performance 

on GLUE, SQuAD 

Devlin et 

al. 

RoBERTa 

Transformer 

Encoder (BERT 

variant) 

- MLM only (NSP 

removed) - Longer 

training, larger batches 

Optimized training 

strategy and 

hyperparameters 

More robust and 

performant than 

BERT 

Liu et al. 

[20], [21] 

DistilBERT 

Distilled 

Transformer 

Encoder 

- Knowledge 

Distillation of BERT 

40% fewer parameters; 

60% faster than BERT; 

retains ~95% 

performance 

Lightweight, 

efficient for 

deployment 

[22], [23], 

[24] 

XLNet 

Autoregressive 

Transformer 

(Transformer-XL 

variant) 

- Permutation-based 

autoregressive 

objective 

Learns bidirectional 

dependencies without 

masking 

Strong performance 

on reasoning tasks; 

avoids MLM 

limitations 

Yang et al. 

[25], [26] 

The richness and diversity of language used in RFP 

documents present a significant classification issue. 

Models that can capture semantic linkages and contextual 

dependencies are necessary to determine whether an RFP 

is related to e-governance or to extract particular sorts of 

requirements.Therefore pretrained models are used as they 

effectively enables models to interpret each term based on 

preceding and succedding context and domain specific 

terminology of digital governance can be fine tuned. 

3.3 Training infrastructure 

Every experiment was conducted using the usual GPU 

environment on Google Colab. An NVIDIA Tesla T4 GPU 

with 16 GB VRAM and roughly 12 GB RAM was supplied 

via the Colab runtime. In this work, transformer models 

with 66M parameters (DistilBERT) and roughly 125M 

parameters (BERT-base, RoBERTa-base, XLNet-base) 

were employed. 
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Table 5 : Training configuration 

 

 

 4 Proposed work and research 

questions 

The usefulness of pre-trained transformer models in 

categorizing assertions from Digital Governance Request 

for Proposal (RFP) papers as functional or non-functional 

needs is examined in the proposed study. Using two 

datasets, this study assesses the effectiveness of many 

transformer models, including BERT, RoBERTa, 

DistilBERT, and XLNet.  

 

4.1 Key objectives 

• To study the impact of pre-trained models on 

requirement classification tasks on digital governace 

RFP 

• To perform a comparative model performance analysis 

on the RFP-only dataset versus the concatenated dataset. 

• To evaluate the models' ability to classify requirements 

accurately based on metrics such as accuracy, precision, 

recall, and F1-score. 

4.2 Primary research question 

Research Question 1: How effective are pre-trained 

transformer models in classifying statements in Digital 

Governance RFP documents as functional or non-

functional requirements? 

Research Question 2: Is there a statistically significant 

difference in the performance (accuracy) between the pre-

trained transformer-based models(e.g., BERT, RoBERTa, 

DistilBERT, XLNet) on the RFP or concatenated datasets? 

5 Experiment 

This section describes the datasets and discusses the 

evaluation measures used to evaluate the model's 

performance on these datasets. The baseline methods, 

along with experimental settings, are also explained. In this 

research paper, we make use of three different datasets. 

The first dataset, Promise expr, consists of Functional and 

non-functional requirements. The second dataset was 

curated using  digital governance RFP to fine-tune the 

transformer model, which we named Digi-Gov. The third 

data set is the concatenated Dataset of Promise+ Dig-Gov. 

 

All three data sets come in a CSV file containing two 

attributes: the RFP statement and the label.  

 

5.1 Evaluation measure 

To assess the performance of the classification model in 

identifying functional and non-functional requirements in 

RFP documents, we utilize four standard evaluation 

metrics: Accuracy, Precision, Recall, and F1-Score.  

 

Accuracy: Measures how many RFP statements the model 

correctly classifies (functional or non-functional) from the 

total number of statements. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = {
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑒𝑑 𝑅𝐹𝑃𝑠 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡𝑠

{𝑇𝑜𝑡𝑎𝑙 𝑅𝐹𝑃𝑠 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡𝑠}
} 

 

 Precision (Functional Requirements): Out of all the RFP 

statements the model classifies as functional requirements, 

how many are functional? 

 
Precision

= {
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙
} 

 

Recall (Functional Requirements): Out of all the 

functional requirements, how many does the model 

correctly identify? 

 

Recall

= {
Number of Correctly Classified Functional Requirements

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐴𝑐𝑡𝑢𝑎𝑙 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑅𝑒𝑞𝑢𝑖𝑟𝑚𝑒𝑛𝑡𝑠
} 

 

 

F1-Score (Functional Requirements): A harmonic mean of 

Precision and Recall. It balances false positives and 

negatives, especially useful in imbalanced datasets. 

 

The same evaluation metrics are applied to non-functional 

requirements, ensuring consistent performance assessment 

across both classes. These metrics allow for a 

comprehensive evaluation of the model's performance in a 

domain where misclassification could significantly impact 

downstream decision-making. 

 

5.2 Experimental setup 

In our technical setup, all the experiments were carried out 

in Jupyter notebooks using Keras, Scikit-learn, and 

Tensorflow libraries. The setup covers dataset preparation, 

model fine-tuning, evaluation, and deployment for 

inference. Figure 4 presents the overall Technical Research 

Methodology Framework. 
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Figure 4: Methodology flowchart 

Before model training, data pre-processing steps were 

applied, including text cleaning to remove special 

characters and formatting artifacts, followed by 

tokenization using model-specific tokenizers. 

Tokenization breaks down sentences into subwords, aligns 

them with the model's vocabulary, and generates input IDs 

and attention masks. For example, "The system shall 

provide login functionality" is tokenized as: [CLS] The 

system shall provide login functionality [SEP]. The dataset 

was then split into training (70%), validation (15%), and 

test (15%) sets using stratified sampling to ensure 

balanced class distribution across all splits. 

For this study, we employed pre-trained transformer 

models, including BERT, RoBERTa, DistilBERT, and 

XLNet, using publicly available checkpoints such as bert-

base-uncased and roberta-base to initialise the weights. 

The model architecture retained the core transformer 

layers of each pre-trained model, with a classification head 

comprising a fully connected dense layer and a softmax 

activation function to predict the probability of each input 

being either a functional or non-functional requirement. 

For training, we used the cross-entropy loss function 

suitable for binary classification and optimised the models 

using the AdamW optimiser, which combines adaptive 

learning rates with weight decay for better generalisation. 

The training process employs a learning rate scheduler 

with a warmup phase followed by linear decay to stabilise 

training and reduce the risk of overfitting. Additionally, 

regularisation techniques such as dropout in the 

classification head and weight decay via AdamW were 

applied to enhance model robustness further. 

 

6  Results and discussion and threats to 

validity 

This study's choice of transformer-based models is 

motivated by their ability to leverage pre-trained 

embeddings and attention mechanisms to capture the 

contextual meaning of the text. Unlike traditional machine 

learning models, which rely on static feature extraction 

(e.g., TF-IDF), transformers dynamically encode 

relationships between words, enabling a richer 

understanding of long and complex sequences such as RFP 

documents. We have used the following label mapping in 

the dataset for requirements" F" for functional 

requirements and non-functional various categories as 

discussed in section 3.1 , PE: 0, LF: 1, US: 2, A: 3, SE: 4, 

F: 5, FT: 6, SC: 7, PO: 8, O: 9, L: 10, MN: 11, PF: 12  

This is reflected in the superior performance of XLNet 

across all metrics, particularly for dominant classes like 4 

and 5. Moreover, the scalability of transformers allows for 

fine-tuning on domain-specific tasks, making them ideal 

for multi-class classification of RFPs.Table 2 shows a 

comparative analysis of the results of each of the models. 

 

6.1 Research question 1 how effective are pre-

trained transformer models in classifying 

statements in RFP documents as functional or 

non-functional requirements? 

1. Transformer Model Capability: Models like BERT and 

XLNet excel at capturing contextual relationships in 

text, but their performance depends heavily on the 

diversity and balance of the dataset. Larger models 

(e.g., XLNet, BERT) show better generalization when 

trained on diverse datasets. 

2. Trade-Off Between Generalisation and Specialisation: 

BERT and RoBERTa tend to specialize well in 

dominant classes but struggle with underrepresented 

ones in imbalanced datasets. XLNet balances 

predictions across classes, making it a better choice for 

datasets with diverse class distributions. 

3. Model Complexity and Performance: DistilBERT, as a 

lighter model, offers reduced computational costs but 

sacrifices performance, especially for minority classes. 

4. Dataset Impact: The concatenated Dataset significantly 

improves models' performance, showing that data 

diversity and balance are critical for robust document 

classification. 

5. Error analysis revealed that the model achieved higher 

accuracy on Non-Functional instances  compared to 

Functional instances . Examination of misclassified 

cases indicated that errors primarily occurred with 

instances containing ambiguous language, overlapping 

characteristics of both classes, or insufficient 

contextual information for clear categorization 
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Table 6: Comparative Analysis of the Models Digi-Gov 

Data set and Concatenated dataset (Promise and Digi-

Gov) Data set (F1-Score) for Functional and Non 

Functional Requirments 

Model  Digi-Gov 

Dataset 

Concatenated 

Dataset (Digi-

Gov Dataset  and 

PROMISE 

dataset) 

BERT 69.43 87.14 

RoBERTa 71.29 87.73 

DistillBERT 72.73 87.82 

XLNet 68.01 87.19 

 

Table 6 presents the F1 scores for four Transformer-based 

architectures. Our results demonstrate that data 

augmentation via dataset concatenation significantly 

improves classification performance, with DistillBERT 

achieving the highest F1 score of 87.82% on the combined 

corpus. Notably, the performance gap between models 

narrows as dataset size increases, suggesting that data 

volume is a primary driver for accuracy in this domain. 

Further, The transformer models were evaluated across 

non functional requirement categories: Maintainability, 

Performance, Portability, Security, and Usability. These 

classes represent different quality attributes of software 

requirements. The performance of each model was 

analyzed using Precision, Recall, and F1-score to assess 

their effectiveness in distinguishing between requirement 

types. 

Table 7:  Results for  (Promise and Digi-Gov) Data set for 

Non Functional Requirments 

Class BE

RT 

RoBE

RTa 

XL

Net 

DistilB

ERT 

ALB

ERT 

Maintaina

bility 
0.53 0.62 0.49 0.49 0.24 

Performa

nce 
0.13 0.33 0.36 0.33 0.20 

Portabilit

y 
0.67 0.73 0.33 0.57 0.00 

Security 0.51 0.58 0.60 0.59 0.54 

Usability 0.62 0.56 0.67 0.53 0.44 

The results indicate that transformer models are effective 

in classifying requirement categories, with RoBERTa and 

XLNet showing more consistent performance across all 

classes. Portability and Security requirements were 

classified more accurately, while Performance 

requirements presented greater classification challenges. 

These findings highlight the effectiveness of contextual 

embeddings in capturing semantic differences between 

requirement types. 

6.2 Research Question 2-Is there a statistically 

significant performance (accuracy) difference 

between the transformer-based models (e.g., 

BERT, RoBERTa, DistilBERT, XLNet) on 

the RFP or concatenated datasets? 

We employed a 5-fold cross-validation approach to 

evaluate the performance of transformer-based models 

(BERT, RoBERTa, DistilBERT, XLNet). The data set was 

divided into five subsets, and each subset was used as a 

validation set once, while the remaining subsets were used 

for training. The process was repeated for all folds, and the 

average accuracy across folds was computed. This 

approach ensures a robust evaluation by mitigating the risk 

of overfitting and providing a comprehensive assessment 

of model performance across diverse subsets of the data. 

In this study, we evaluate the performance of four 

transformer-based models ('bert-base-uncased, roberta-

base, distilbert-base-uncased, and xlnet-base cased) on two 

datasets: an RFP-only dataset and a concatenated 

PROMISE+RFP dataset. The objective is to determine 

whether incorporating the PROMISE dataset significantly 

improves classification performance, measured through 

cross-validation accuracies. 

To analyse the results, a one-way ANOVA was conducted 

for each model to compare their mean accuracies across the 

two datasets. The goal was to verify whether the observed 

performance differences are statistically significant. 

6.2.1 Hypothesis 

Null Hypothesis: There is no significant difference in the 

mean accuracy of the model between the RFP-only dataset 

and the PROMISE+RFP dataset. 

Alternative Hypothesis: There is a significant difference 

in the mean accuracy of the model between the RFP-only 

dataset and the PROMISE+RFP dataset. 

6.2.2 Methodology data 

The accuracies for each model were obtained through 5-

fold cross-validation on both the RFP-only and 

PROMISE+RFP datasets. A one-way ANOVA was 

conducted to compare each model's mean accuracies for 

the two datasets. This test evaluates whether the means of 

the two groups are significantly different.The significance 

level was set at 0.05. A p-value below 0.05 indicates 

rejection of the null hypothesis, suggesting a statistically 

significant difference.The model was evaluated using 5-

fold cross-validation to ensure robust performance 

estimation. The reported accuracy corresponds to the mean 

accuracy obtained across all folds. 
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6.2.3 Discussion on statistical analysis 

The results demonstrate that including the PROMISE 

dataset significantly enhances the performance of the 

roberta-base. This improvement is likely due to the 

additional context and diversity provided by the 

PROMISE dataset, which helps this model generalize 

better. However, other models' lack of significant 

improvement may be attributed to their architectural 

differences or sensitivity to the combined dataset. 

 

The standard deviation of accuracies across folds was 

consistent across models, indicating performance stability 

regardless of the dataset used. Future work could explore 

fine-tuning hyperparameters or incorporating domain-

specific knowledge to enhance performance. 

 

The statistical analysis proves that augmenting the RFP 

dataset with the PROMISE dataset leads to significant 

performance gains for specific transformer models, 

particularly roberta-base. These findings highlight the 

importance of dataset design in optimizing model 

performance and provide insights for future research in 

automated document classification. 

 

Table 8: ANOVA analysis for mean accuracies between 

datasets 

 

Model F-

Statistic 

P-

Value 

Significance 

bert-base-

uncased 

2.3412 0.0423 Yes 

roberta-

base 

2.8745 0.0167 Yes 

distilbert-

base-

uncased 

1.5678 0.1523 No 

xlnet-base-

cased 

1.9874 0.0756 No 

 

6.5 Research and Practical Impacts 

Request for proposal documents are extensively used 

documents that are rich sources of information about the 

requirements expected from a project for the bidders and 

developers. The work indicates that information can be 

classified in a multi-label format, focusing on software-

based requirement classification from requests for 

proposal documents for both bidders and developers. This 

research demonstrates that a pre-trained model can classify 

such requirements. Classifying software requirements 

allows stakeholders to better understand the structure and 

content of complex RFP documents. Even if this 

classification does not directly impact practical tasks, it 

lays the groundwork for automation in later stages, such as 

requirement prioritization, feasibility analysis, or cost 

estimation. Classifying software requirements can 

indirectly aid software developers and project managers by 

organizing and presenting requirements in a more 

structured manner. This clarity can lead to more informed 

resource allocation and timeline management decisions. 

To enhance the practical relevance: 

1. Integrate classification results with actionable insights, 

such as automated effort estimation or compliance 

checks. 

2. Focus on end-to-end systems that demonstrate the 

utility of classification as a step within a larger 

workflow. 

3. Engage stakeholders to identify gaps between classified 

outputs and their practical needs. 

6.6 Threats to validity 

6.6.1 Internal validity 

A potential threat to the internal validity of the proposed 

approach is the dataset used in this research. The dataset 

was curated with a focus on Digital Governance RFPs, and 

human annotators categorized the documents based on pre-

defined classifications. This introduces a risk of bias, as the 

annotators might have subconsciously aligned the 

categorization process with the research objectives. To 

mitigate this threat, we employed repeated multi-label 

stratified k-fold cross-validation to ensure that model 

evaluation was performed on unseen data, thus reducing 

overfitting and potential bias in the results. 

Future work will focus on expanding the dataset to include 

a wider variety of RFPs and collaborating with industry 

experts to validate the approach further 

Our results are based on digital-governance RFPs from 

a single national platform. While the models perform well 

in this setting, it is not yet clear how well they would 

handle RFPs from other sectors (such as healthcare or 

education) or from other countries that follow different 

writing styles or regulatory formats. Early checks showed 

that accuracy drops slightly when the language or structure 

differs from the documents used for training. Testing the 

models on cross-domain and multilingual RFPs is 

therefore an important next step. 

 

6.6.2 Conclusion validity 

Using SMOTE to address class imbalance in the data set 

improves the model's performance by ensuring that the 

minority class is adequately represented during training. 

However, the synthetic samples generated by SMOTE 

may introduce dependencies between data points, 

potentially inflating the apparent significance of the 

model's predictive power. This may result in an 

overestimation of the appropriate correlation between the 

response variable and the predictors. It is understood that 

the inherent limits of synthetic data production may 

nevertheless have an impact on the veracity of the 

statistical finding. Because of this, it is necessary to 
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exercise caution when extrapolating the findings, and 

additional validation on real-world balanced data sets is 

advised. 

6.6.3 Construct validity 

A threat to construct validity is that the labels are verified 

by experts working exclusively on digital governance 

proposal documents. Considering other domains, the 

constructed dataset may show some ambiguity regarding 

labeling. We treat requirements as either functional or non-

functional, following common practice in earlier studies. 

However, real RFPs often mix several concerns in a single 

sentence, and many non-functional requirements overlap 

across categories like security, performance, or 

compliance. A simple two-class setup captures the broad 

distinction but may miss these finer nuances. More 

detailed or multi-label classifications could offer richer 

insights and are worth exploring in future work. 

7 Conclusion 

The repeated human-centric tasks showing similar patterns 

are promising cases for machine-leaning jobs. The 

proposal documents used under the procurement process 

are one of the propitious business cases that demand 

human intervention extensively due to their expertise and 

past experiences in handling different business scenarios. 

To bring about automation in the process will likely 

change business decisions. One primary objective is to 

recognize the task mentioned in the statements of proposal 

documents based on which further decisions are made. The 

terms and notations in such documents are specific to 

particular domains and businesses. In this work, we have 

used proposal documents related to digital governance, 

primarily focusing on software-based products. Existing 

work in literature focuses on software requirement 

classification. A similar strategy for digital governance 

RFP documents and fine-tuning them for domain-specific 

tasks using a pre-trained BERT classifier is observed as an 

objective of the paper. The extensive experiments use 

state-of-the-art techniques on curated, benchmark 

Promise, and concatenated datasets. We envisage future 

research work in extracting not just software requirements 

but also organization specifications, billing information, 

etc., and we investigate the effectiveness of other pre-

trained language models. Data Availability: The data is 

available on request 
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