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Abstract—Informative Sentence Extraction (ISE) is one of the 

crucial components in Automatic Question Generation (AQG) 

and directly influences the quality and relevancy of the generated 

questions. Instructional texts often contain not only informative 

but also irrelevant sentences. This results in the creation of poor-

quality or distorted questions when irrelevant, non-informative 

sentences have been used as input. Therefore, the basic problem 

discussed in this paper is how to provide a systematic method for 

filtering out such sentences and retaining those that are 

pedagogically valuable. The purpose of ISE is to filter out 

irrelevant, low-quality information and retain only the factually 

dense sentences, express key concepts and are contextually 

significant. This paper proposes a hybrid approach for extracting 

informative sentences that combines lexical, statistical, and 

semantic criteria to identify informative sentences suitable for 

generating educational questions. The proposed approach 

consists of two modules: the first module employs four 

techniques in order to evaluate the informativeness of sentences, 

which are the keyword-based scoring, Named Entity Recognition 

(NER), information gain (IG) and Sentence-BERT (SBERT). The 

second module utilizes multiple fusion strategies to integrate the 

results derived from the informative sentence extraction 

techniques. The preprocessed sentences extracted from 

educational materials were ranked and filtered based on their 

informativeness coverage. The evaluation results indicate that the 

hybrid approach can improve the extraction of informative 

sentences rather than using individual methods. Such a 

contribution is important for enhancing the performance of 

downstream tasks in AQG systems, such as distractor generation 

and question formulation. 
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I. INTRODUCTION 

Automatic Question Generation (AQG) has attracted 
considerable interest in the field of educational technology and 
has provided scalable assessment, intelligent tutoring and 
personalized learning environment applications [1] [2]. An 
important part of any functional AQG system is the task of 
Informative Sentence Extraction (ISE). It entails the process 
that determines textual parts that are semantically rich, 
pedagogically valuable, and contextually relevant [3]. These 
sentences are the main component upon which meaningful and 
high-quality questions are constructed. Improper or inaccurate 

selection of sentences may decrease the level of coherence and 
relevancy of generated questions [4], [5]. 

The main issue addressed in this paper is that the sentence 
extraction step remains a relatively unexplored bottleneck in 
AQG pipelines, despite significant advances in natural 
language generation and deep learning methods. While recent 
progress in neural language models has substantially improved 
the fluency, grammaticality, and contextual relevance of 
generated questions, much less attention has been given to 
identifying which sentences within instructional material are 
most informative and pedagogically valuable as question 
sources. Most current systems use heuristic rules [6] or deep 
neural networks in an end-to-end methodology where sentence 
selection is an implicit or black-box procedure. There are 
possibilities of including redundant, indefinite, and 
insignificant sentences that adversely influence the importance 
and quality of the generated questions [4], [7]. 

The current paper attempts to mitigate this problem by 
introducing a hybrid approach of informative sentence retrieval 
that combines shallow linguistic features with deeper 
semantics. Our approach combines: lexical relevance scoring 
based on the coverage of educationally relevant keywords and 
key phrases, Named Entity Recognition (NER) to identify 
domain-relevant concepts, proper nouns, and entities at the 
center of instructional content, Information Gain (IG) 
computations quantifying the discriminative power of each 
sentence within the informational landscape of a document, 
and semantic encoding with sentence-Bert [8] that captures 
word context and relatedness. We implement our methodology 
on educational texts within information system academic 
disciplines. The findings demonstrate that the system 
outperforms existing heuristic or embedding-only baselines in 
both the quality of sentence selection and downstream 
performance in question generation. The proposed approach 
has been optimized to perform effectively with low-resource 
educational materials, such as PDF textbooks or lecture notes. 

The structure of this paper is organized as follows: 
Section II summarizes the background and relevant studies on 
informative sentence extraction. Section III presents a hybrid 
framework for extracting informative sentences in automatic 
question generation systems. Section IV discusses the 
experimental setup, results, and evaluation, while Section V 
discusses the evaluation results. Section VI concludes the paper 
and outlines potential directions for future research. 
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II. BACKGROUND AND RELATED WORK 

A. Background 

The extraction of the informative sentences is one of the 
most applicable processes in the context of natural language 
processing that could apply in the education field in an 
automatic question generator (AQG), answer selection, and 
educational content summarization. Traditional summarization 
strategies focus only on conciseness and identifying key 
components [9], [10], which are insufficient for educational 
question generation, where these sentences must be both 
informative and question-worthy. In AQG, it is essential to 
select sentences that are both semantically dense and 
academically rich. Traditional methodologies, including term 
frequency-inverse document frequency (TF-IDF) and Latent 
Dirichlet Allocation (LDA), were employed to extract 
significant textual components [11]. 

Named entity recognition (NER) has been used to provide a 
semantic aspect to text, enabling the extraction of sentences 
that may contain information worthy of questioning [12]. 
However, traditional approaches are frequently unable to 
provide sufficient information regarding required contextual 
knowledge of the learning resources. Recent developments in 
transformer-based models, such as BERT and Sentence-BERT, 
significantly enhance semantically sensitive representations, 
enabling reliable meaning extraction across sentences and 
facilitating deeper filtering, clustering, and classification [8]. 

Researchers have proven that phrases defining and 
explaining causal relationships and structured processes form 
the basis of high-quality educational questions [2], [13]. 
Effective sentence extraction has to be consistent with learning 
objectives, as outlined by Bloom's Taxonomy, which assesses 
students across many cognitive skill levels, from simple recall 
to analytical reasoning [14]. Consequently, sentence extraction 
systems have to satisfy cognitive requirements to select not 
only syntactically perfect but also semantically valuable 
sentences. Traditional approaches employed shallow 
principles, such as sentence location or keyword presence [15], 
whereas current methods use pretrained transformers to 
evaluate sentence significance [16]. However, neither of these 
approaches is sufficient independently, especially for domain-
specific contexts where linguistic indicators can greatly vary. 

B. Related Works 

The extraction of informative sentences is a concern 
addressed from various perspectives, including general text 
summarization [17], [18], [19], [20], [21] and specifically 
opinion summarization, where users need concise yet detailed 
insights [22], [23]. In information retrieval, the selection of 
informative sentences is crucial for improving information 
access efficiency and enhancing the retrieval process, 
particularly for domain-specific contexts, by applying models 
that improve relevance and reduce redundancy [24], [25]. 
Customer requirements analysis is the most recent domain 
under investigation in informative sentence extraction research. 

In [26], researchers employed Transformer networks to 
identify informative sentences that mirror customer needs in 
user-generated content. However, it does not clearly address 
Automatic Question Generation (AQG) in its study or findings. 

In the context of automatic question generation systems 
(AQG), various methodologies for the selection of informative 
sentences have been proposed. Early methods proposed rule-
based and stylized filtering heuristics, such as sentence length, 
the presence of proper names, and POS tag sequences, to 
recognized sentences that are worthy of being turned into 
questions in early AQG systems [27]. Although effective to a 
certain degree, these techniques are characterized by limited 
generality and insufficient semantic knowledge. 

In this study [28], sentences are considered informative if 
they contain at least one term derived from specified important 
concepts for generating multiple-choice test items from 
electronic documents. 

In [29], the author combined a set of criteria, including the 
number of tokens, the number of clauses, the probabilistic 
context-free grammar score, and well-defined context. Then 
manually calculate the score of sentences depending on the 
occurrence of these criteria; if the score is greater than a 
threshold, select the sentence as informative. 

Another study employed candidate rules to identify phrases 
with a certain form, such as sentences containing definitions, to 
create a specific type of question [30]. Additional research used 
machine learning approaches such as the Support Vector 
Machine (SVM) classifier based on some features such as 
sentence length, verb domain, named entity, parts-of-speech, 
chunk, word position, known-unknown word and acronym 
[31]. 

Majumder and Kumar suggested an approach based on 
parse structure similarity and a rule-based technique to identify 
informative sentences for multiple-choice questions. The 
algorithm compared the testing content to a pre-compiled 
reference set of parse structures that are associated with 
existing multiple-choice questions (MCQs) and then selected 
the final informative sentences through rule-based post-
processing. This method is considered domain-specific, as it 
requires a set of existing MCQs within the same domain to 
create the reference set, which is not easily available [32]. 

In [33], the author proposed a method to identify 
informative micro aspects in news texts which can be used to 
generate relevant questions based on the extracted informative 
aspects by applying semantic role labelling, named-entity 
recognition, handcrafted rules and machine learning 
techniques. 

A number of investigations focus on employing sentence 
structure analysis, dependency parsing, and named entity 
recognition to discern informative target sentences and 
concepts for question generation from provided sentences [34], 
[35], [36], [37]. 

Several studies employed neural models to discover 
informative phrases, such as [38], which implemented a two-
stage system: neural key-phrase identification followed by 
sequence-to-sequence question creation. 

Previous research on informative sentence extraction has 
investigated various approaches, each with specific 
methodological limitations as presented in Table I. Rule-based 
and heuristic approaches, dependent on basic features like 
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sentence length, keyword presence, or part-of-speech (POS) 
patterns, indicate restricted semantic depth, inadequate 
abstraction, and limited domain relevance [27] [30]. 

TABLE I.  SUMMARY OF RELATED WORK ON INFORMATIVE SENTENCE 

EXTRACTION 

Study Approach Technique Key Limitations 

[27], 

[30] 

Rule-based 

and 

Heuristic 

Sentence length, 

keyword presence, and 

POS patterns 

Limited semantic 

depth, poor 

generalization, narrow 

coverage 

[28], 

[29] 

Concept-

based 

Scoring 

Predefined concept 

lists, token count, 

clause count, and 

PCFG scores 

Manual curation, 

brittle to unseen terms 

[31] 
Feature-

based ML 

SVM classifier with  

lexical, and syntactic 

features (length, POS, 

position…) 

Requires annotated 

training data, 

extensive feature 

engineering, limited 

context capture 

[32] 

Parse-

Structure 

Matching 

Matching parse trees to  

MCQ reference set 

Needs pre-compiled 

MCQs, Domain-

specific, not widely 

applicable 

[33]–

[37] 

Hybrid 

Linguistic 

and ML 

SRL, NER, handcrafted 

rules, and  ML models 

Computationally 

intensive, ru le-heavy, 

Complex pipeline 

[38] 
Neural 

Models 

Transformer-based key 

phrase, and sequence-

to-sequence generation 

Requires large 

training datasets, less 

interpretable 

Concept-based scoring approaches, such as those 
employing predefined concept lists, token frequencies, or 
probabilistic context-free grammar (PCFG) scores, involve 
considerable manual curation and exhibit instability when 
faced with unique or domain-specific terminology [28] [29]. 
Feature-based machine learning methodologies, such as 
support vector machines (SVMs), which use lexical and 
syntactic features, require annotated datasets and extensive 
feature engineering while still capturing only a limited amount 
of contextual information [31]. Parse-structure matching 
techniques, which correlate sentence parse trees with multiple-
choice question (MCQ) references, reveal significant domain 
dependency, requiring pre-compiled MCQs and presenting 
constrained scalability [32]. 

Hybrid linguistic and machine learning pipelines that 
incorporate semantic role labelling (SRL), NER, manually 
generated rules, and classifiers frequently demonstrate high 
processing costs, a large number of rules, and overly 
complicated structures [33], [34], [35], [36], [37]. Recently, 
neural methodologies, such as transformer-based key phrase 
extraction and sequence-to-sequence creation, have 
demonstrated potential but depend on extensive training 
datasets and encounter interpretability challenges [38]. 

Our work provides a hybrid framework, described as 
domain-adaptive, that combines keyword scoring, named entity 
recognition (NER), information gain, and SBERT similarity 
with alternative fusion strategies to ensure robust sentence 
selection, even when using low-resource educational material. 
It bridges the gap between shallow heuristics and complex 
neural systems while keeping interpretability and practical 
deployability, which addresses the needs of Automatic 

Question Generation (AQG) systems in the educational 
environment. 

III. METHODOLOGY 

The extraction of informative sentences is a significant 
NLP technique, with particular application in Automatic 
Question Generation (AQG), answer selection, and content 
summarization. Informative sentence extraction (ISE) is an 
essential part of our comprehensive AQG smart model, which 
is currently under development. During the development of our 
AQG smart model, we found that the output of informative 
sentence extraction significantly impacts the quality of the 
generated questions; therefore, we conducted this research to 
provide hybrid approaches aimed at optimizing the quality of 
informative sentence extraction (ISE). This section outlines the 
suggested methodology, a multi-step hybrid technique 
designed for the identification of informative sentences 
specifically for automatic question generation (AQG). This 
methodology incorporates various supplemental techniques: 
keyword-based scoring, named entity recognition (NER), 
information gain (IG) scoring, and contextual semantic 
filtering using Sentence-BERT (SBERT). Each technique 
assists in evaluating sentence informativeness from different 
linguistic and semantic perspectives. Following that, several 
fusion scoring methods have been used to combine the 
informativeness scores derived from the four implemented 
methods, therefore generating an aggregated score to rank 
sentence informativeness. The hybrid ISE approach includes 
two modules: Sentence Informativeness Scoring and Fusion 
Scoring Strategies, as seen in Fig. 1. 

The primary input for the hybrid ISE approach includes a 
database of simple phrases derived from unstructured 
instructional resources that were preprocessed by the 
preprocessing module of our AQG smart model before being 
used in this research. The subsequent subsections present a 
detailed description of the hybrid ISE approach. 

A. Sentence Informativness Scoring 

The Sentence Informativeness Scoring Module is designed 
to evaluate and filter informative content based on its 
instructional value. This module takes as its input a learning 
material database composed of preprocessed simple sentences. 
The output is a refined Sentence Knowledge Database, 
consisting exclusively of sentences identified as informative, 
conceptually substantial, and suitable for AQG downstream 
educational application. 

1) Keyword-based scoring: This approach evaluates 

sentence informativeness through a keyword-based implication 

to align the text with the instructional domain. A set of domain-

specific terms such as DSS, information systems, software, and 

hardware has been manually selected to cover critical areas of 

the learning material. Every sentence is evaluated by phrase-

level matching to detect both single-word keywords and multi-

word phrases in this list. Sentences containing one or more 

matching words are designated as informative and assigned a 

keyword score, which corresponds to the quantity of matched 

terms. The key concepts of this methodology originate from 

prior studies on automatic question generation, wherein 
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manually generated keywords effectively assist the selection of 

key content [39]. Keyword existence is considered one of the 

heuristic feature-based sentence selections that have been 

frequently used in educational question generation systems 

[40], [41]. 

 
Fig. 1. The proposed hybrid ISE approach. 

2) Named Entity Recognition (NER) scoring: Named entity 

recognition (NER) is a subset of computer science and natural 

language processing (NLP) that is more directly related to the 

identification and classification of entities in unstructured text 

into categories established in advance, such as persons, 

geographical regions, and organizations [42]. Entity 

recognition is the process of extraction, disambiguation and 

connectivity of an entity in a raw text to some useful and 

structured knowledge bases [43]. Such emphasis allows the 

generation of more relevant and logical questions adapted to 

the content [44]. In this approach, the NER technique is used to 

identify semantically rich sentences using factual and 

contextual entities. This implies that sentences that refer to 

individuals, companies, places, or times are most likely to 

express evaluative information and may be used in the question 

generation task [45], [46]. 

SpaCy's lightweight English language model 
(en_core_web_sm) is used to extract named entities from each 
sentence in the input corpus. Then the model parses every 
sentence to identify the entities that exist in it and assign them 
to the existing types of entities (e.g., PERSON, ORG, DATE, 
GPE, etc.) [47]. All sentences including at least one named 
entity are retained. The NER score for each retained sentence is 
the sum of the number of discovered entities found within it.  

3) Information gain scoring: In data and text mining, 

Information Gain (IG) is a statistical tool that evaluates a term's 

or word's importance inside a given text. This metric assesses a 

term's prominence inside a document as well as the likelihood 

that it falls into a particular category [48]. The provided 

method is based on the information-theoretic measure of the 

informativeness of sentences calculated as IG scores. The basic 

idea is that statements containing statistically significant or 

relevant terms will serve as more effective question generators, 

as they are likely to capture fundamental concepts and 

differences [49]. Text processing starts with tokenizing the 

simplified sentences corpus into a single word and the 

identification of the global frequency distribution of all 

information. In contrast to frequency-based scoring, the IG 

method utilized here depends on entropy. The reason for the 

distinction is that words able to reduce the majority of 

ambiguity, according to the corpus, are considered to represent 

higher informative quality. Information gain is computed as 

shown in Eq. (1), (2), and (3). 

𝐼𝐺(𝑤) = 𝐻(𝐶) − 𝐻(𝐶|𝑤)                          (1) 

𝐻(𝐶) = − ∑ 𝑃(𝑥)𝑥∈𝑉 𝑙𝑜𝑔2 𝑃 (𝑥)                     (2) 

𝐼𝐺(𝑠) =
1

|𝑠|
∑ 𝐼𝐺(𝑤)𝑤∈𝑠                            (3) 

where, H(C) denotes the entropy of the full corpus of 
sentences C. It is computed as the negative sum over all 
possible vocabulary labels x∈V, where V is the set of 
vocabulary and P(x) is the probability of observing vocabulary 
x. The conditional entropy, H(C∣w), represents the remaining 
uncertainty in corpus given the presence/absence of word w. 
IG(w) is the reduction in entropy achieved by conditioning on 
that word. A sentence s is considered as a sequence of words 
{w1,w2,…,w∣s∣}, where ∣s∣ denotes the number of words in the 
sentence. The information gain of the sentence, IG(s), is 
calculated as the average of the information gain values of its 
constituent words. Algorithm 1 presents the IG scoring steps. 
This approach was implemented by the tokenisation with the 
Natural Language Toolkit (NLTK) and an entropy-based 
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model applied to obtain the IG scores [50]. Sentences are then 
ranked in a descending order according to their IG scores. 

Algorithm 1: Information Gain (IG) Scoring for Sentence 

Informativeness  

Input: A corpus C of sentences 

Output: A list of sentence-level information gain scores IG(si) for 
each sentence si∈C 

Step 1: Tokenize all sentences and compute global word frequencies 
f(wj).  

Step 2: Calculate corpus entropy H(C). 

Step 3: For each word wj, compute conditional entropy H(C∣wj). 

Step 4: Compute word-level information gain IG(wj). 

Step 5: For each sentence si, compute sentence-level score IG(si) as 
the average IG(wj) of its words. 

Step 6: Return all sentence scores {IG(si)}. 

4) SBERT-based semantic relevance scoring: Sentence-

BERT (SBERT) is a variant of BERT, which represents 

semantically informed sentence embeddings that enable 

efficient similarity calculations and thus dramatically lower the 

computation costs [8]. Large pretrained language models, such 

as BERT and Sentence BERT, provide effective sentence 

embeddings that are highly correlated with human similarity 

ratings [51]. SBERT was suggested to learn sentence 

representation only by performing the computation on a single 

query question rather than on pairs of sentences. This model is 

effective for semantic textual similarity (STS) [52]. To 

improve the informativeness rank, we used Sentence-BERT 

(SBERT) as a semantic representation method. 

SBERT, unlike other shallow linguistic features such as 
word frequency (count) or keyword matching, SBERT enables 
us to encode once and for all our sentences into a dense vector 
that encapsulates the context in which it appears. This enables 
semantic comparison, beyond simple lexical overlap, which 
proves particularly useful in educational texts [8]. The 
algorithm is performed in multiple steps. First, a pre-trained 
SBERT was used to encode the fixed-length embedding of 
each sentence of the input corpus. Second, the average of all 
embeddings was used to compute a semantic centroid vector, 
which would represent a general semantic space of the 
instructional material. Third, cosine similarity was used to 
estimate a scalar informativeness score between each sentence 
embedding and the centroid as shown in Eq. (4), (5), and (6). 

sim(𝑠𝑖 ,𝑠𝑗) =
𝑣𝑖 ⋅𝑣𝑗

|𝑣𝑖||𝑣𝑗 |
                                (4) 

𝑐𝑖
∗ =

1

𝑛−1
∑ sim(𝑠𝑖, 𝑠𝑗)𝑗≠𝑖                             (5) 

𝑐𝑖 =
𝑐𝑖

∗ −min(𝐶∗)

max(𝐶∗)−min(𝐶∗)
                               (6) 

Where the raw centrality score of a sentence, denoted by 
ci∗, is the average semantic similarity of sentence 𝑠𝑖. 𝑐𝑖 is the 
normalized centrality score. The collection of all raw centrality 
scores across the corpus is represented by C∗={c1∗,c2∗,…,cn∗}, 
with min(C∗) and max(C∗) denoting the minimum and 
maximum values within this set, respectively, for use in the 
normalization step. The pairwise similarity between two 

sentences, sim(𝑠𝑖,𝑠𝑗) , is computed as the cosine similarity 

between their embeddings. 𝑣𝑖and 𝑣𝑗 represent the dense vector 

embeddings of sentences 𝑠𝑖  and 𝑠𝑗  generated using a pre-

trained SBERT model. The Euclidean norms of these vectors, 
|𝑣𝑖| and |𝑣𝑗|, are used to scale the cosine similarity, while the 

dot product 𝑣𝑖 ⋅ 𝑣𝑗  constitutes its numerator. Algorithm 2 

presents the SBERT-Based Semantic Centrality Scoring steps. 

Algorithm 2: SBERT-Based Semantic Centrality Scoring  

Input: A set of candidate sentences  S={s1,s2,…,sn}. 

Output: A vector of normalized semantic centrality scores  
C={c1,c2,…,cn}. 

Step 1: Encode each sentence 𝑠𝑖∈S into a dense vector representation 
𝑣𝑖  using a pre-trained Sentence-BERT (SBERT) model. 

Step 2: Compute the pairwise semantic similarity sim(𝑠𝑖 ,𝑠𝑗) between 

all sentence embeddings. 

Step 3: For each sentence 𝑠𝑖  ,calculate its raw centrality score ci
∗,as 

the average similarity with all other sentences in S. 

Step 4: Normalize all raw centrality scores to the range [0,1].  

Step 5: Return the normalized semantic centrality scores  
C={c1,c2,…,cn}. 

Sentences having higher scores are expected to have more 
central and representative information, while sentences with 
lower scores might be less informative. The result of this step 
is a ranked list of sentences, and each has a numerical value 
corresponding to the degree of semantic proximity to the 
distribution of the overall content. This ranked output is further 
utilized in the downstream level of the fusion scoring strategies 
to choose informative sentences. 

B. Fusion Scoring Strategies for Informative Sentence 

To exploit the complementary properties of the individual 
scoring techniques (NER, keyword-based scoring, IG, and 
SBERT), we suggested and evaluated three distinct fusion 
strategies. Each strategy calculates the final informativeness 
score by integrating the outputs of the primary methods in 
different ways, thereby providing varied trade-offs among 
precision, recall, and semantic coverage. 

1) Weighted scoring: In this strategy, each of the four 

methods is used as one complementary signal within a unified 

scoring model. Each score is normalised in the range [0, 1]. 

Both NER and keyword scores are taken as binary, while IG 

and SBERT scores are taken as continuous. The final score is 

calculated as: 

FinalScore(𝑠) = 𝑤NER ⋅ NER(𝑠) + 𝑤KW ⋅ Keywords(𝑠) + 𝑤IG ⋅
IG(𝑠) + 𝑤SBERT ⋅ SBERT(𝑠)                    (7) 

where, wNER + wKW + wIG + wSBERT = 1 

This strategy depends on the distribution of weight to make 
a balance between precision and recall. For example, a higher 
weight on SBERT prioritizes semantic richness, while 
increasing the weight on NER ensures factual bases. 

2) Sequential filtering: The sequential filtering approach 

sequentially filters the results of different selection processes; 

at each stage, it eliminates a portion of possible sentences. 

Such an approach reduces informative sentences to the most 
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informative and pedagogically salient ones. As presented in 

Fig. 2, sequential filtering strategy works as follows: 

a) Stage 1:Boolean filtering: This initial stage applies a 
logical filter to retain only    sentences with high potential for 

informativeness: 

• Filtering with NER: The process first discards those 
sentences that do not have named entities. Sentences 
with numerous entities (e.g. persons, places, 
organizations, or whatever is relevant to the domain) 
are most likely to carry information that can be 
evaluated as factual and conceptually significant [53]. 
Entity sentences are also quite useful in providing 
domain-specific and factual questions [1]. 

• Filtering with Keyword: In parallel, domain-specific 
keywords are used to retain sentences that directly 
reference core course concepts. This step ensures that 
essential and pedagogically valuable content is 
preserved early in the process. 

b) Stage 2: Ranking_based filtering: The reduced 

candidate subset from stage1 is then used in: 

• IG, SBERT ranking: The reduced candidate subset from 
stage1 is then ranked using a combined score derived 
from Information Gain (IG) and SBERT semantic 
similarity scores after normalization. IG highlights 
sentences that introduce statistically distinctive 
information within the corpus [54], while SBERT 
measures their semantic density and relevance. The 
fusion of these metrics prioritizes sentences that are 
relatively novel, semantically rich, and aligned with the 
instructional objectives. 

• Last Selection: Top informative sentences are selected 
from previously ranked scoring as the final informative 
set. 

• In this strategy, Sentences that match many criteria are 
given priority at each of the filtering stages. This 
multilevel approach has made the selection process 
precise by ensuring that the chosen sentences contain 
many entities and are informative regarding context and 
domain-specific knowledge. Sequential filtering is also 
used to reduce the noise and improve downstream AQG 
tasks. 

3) Set-based combination (intersection/union): This 

strategy addresses sentence selection as a task of set-based 

combinations instead of a cross-methods approach. This 

technique outlines two mechanisms: Intersection and Union as 

shown in Fig. 3. 

• Intersection (I): All those sentences that have failed to 
correspond to at least 2 methods or more are removed. 
The accuracy of this practice has been enhanced 
because only sentences that have been agreed upon by 
multiple methods are retained where precision has been 
observed from many perspectives. Intersection-based 
models have been employed in multi-criteria decision-
making and have delivered positive outcomes in terms 
of inspiring false positives in text mining processes 

[55]. The purple central overlap in Fig. 3 highlights the 
intersection region. 

 

Fig. 2. Sequential filtering strategy steps. 

• Union (U): The sentences identified by at least one 
method are considered and kept in the final selection. 
This strategy gives the greatest emphasis to recall 
(maximization of coverage), which is desired when 
answering a large number of different types of 
questions, as one may want to cover a large set of 
sentence candidates in an education setting [2]. The 
dashed rectangle in Fig. 3 outlines the Union region. 

Typically, the set-based composition also involves a type of 
flexibility to apply an intersection- or union-based approach 
that is ranged between precision and recall. 

 
Fig. 3. Intersection and union strategies. 
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IV. EXPERIMENTAL SETUP AND RESULTS 

This section outlines the experimental setup, results, and 
evaluation applied to measure the effectiveness of the proposed 
hybrid ISE approach. 

A. Tools and Dataset 

The experimental implementation was conducted in Python 
3.10 using open-source NLP libraries. Text preprocessing and 
NER were performed with NLTK and spaCy, while word-level 
IG scores were computed through a custom entropy-based 
implementation to estimate sentence informativeness. For 
semantic modelling, SBERT embeddings were obtained using 
the Sentence-Transformers library with the all-MiniLM-L6-v2 
model, which provides efficient contextual sentence-level 
representations. All development was carried out in the 
PyCharm IDE [56], and experiments were executed on a 
macOS Monterey machine with an Apple M1 8-core processor 
and 16 GB RAM, eliminating the need for external high-
performance computing resources. 

The experimental dataset used to test the hybrid approach 
was generated from instructional materials for an information 
systems course taught in the business information systems 
program at Helwan University in Egypt. The dataset sentences 
are extracted from a book chapter covering core concepts such 
as hardware, software, and processes. After applying the 
preprocessing pipeline, which is part of our smart AQG model 
mentioned before, the dataset was transformed into a sentence-
level corpus consisting of approximately 460 sentences. A 
subset of 58 candidate sentences was selected for evaluation, 
and a gold-standard reference set was manually annotated by 
two domain experts, labelling each sentence either informative 
or non-informative. A sample of the sentences dataset is 
represented in the tables that located in the following sections. 

B. Sentence Informativness Scoring Results 

In this module, each sentence in the preprocessed 
educational dataset was evaluated using the four informative 
sentence scoring techniques outlined in the proposed approach, 
to capture different dimensions of informativeness. The 
keyword-based scoring method assigned a score to each 
sentence based on the number of matched keywords it 
contained. Table II provides an example result of the keyword-
based scoring method. Sentences such as S1, received higher 
scores (score = 3) because they contain several domain-specific 
words (e.g. software, hardware, and information system). 
Likewise, statements describing system components such as S3 
and S5 received moderate scores (score = 2), whereas those 
using only a single keyword (e.g. “agile”) attained a score of 1. 
In contrast, phrases without any keywords, such as S40 
received a score of 0, indicating poor informativeness 
according to this criterion. 

The second technique applied in the suggested approach is 
NER, which detects factual entities in text and acts as a strong 
indicator of informative content. Table III displays a sample of 
the output produced by this method. As illustrated, sentences 
involving multiple entities earned higher scores, such as in 
S58, which earned a score of 3 due to the identification of 
entities. Sentences containing two entities, such as S8, received 
a score of 2, whereas those with a single defined entity, such as 

S19, were assigned a value of 1. On the other hand, sentences 
without any of the identifiable items, such as S42, received a 
score of 0. 

TABLE II.  SAMPLE OF THE KEYWORD BASED SCORING OUTPUT 

Index Sentence 
Matched 

Keywords 

Keyword 

Score 

S1 

Information systems are 

combinations of hardware, 

software, and telecommunications 

networks. 

software, 

hardware, 

information 

system 

3 

S3 

Computers, keyboards, disk drives, 

iPads, and flash drives are all 

examples of information systems 

hardware. 

hardware, 

information 

system 

2 

S5 
Software is a  set of instructions that 

tells the hardware what to do. 

software, 

hardware 
2 

S36 
Agile methods emphasize flexibility  

in IS development. 
agile 1 

S40 
This chapter served as an 

introduction to key  IS themes. 
------- 0 

TABLE III.  SAMPLE OF THE OUTPUT PRODUCED BY NER-BASED SCORING 

METHOD 

Index Sentence 
Entities with 

Labels 

NER 

Score 

S58 

In 1995, Jeff Bezos expanded 

Amazon from an online bookstore 

into a  global e-commerce and cloud 

computing leader. 

1995 (DATE), 

Jeff Bezos 

(PERSON), 

Amazon (ORG) 

3 

S8 

Examples of operating systems 

include Microsoft Windows on a 

personal computer and Google’s  

Android on a  mobile phone. 

Microsoft 

Windows 

(ORG), Google 

(ORG) 

2 

S19 
We will d iscuss processes in Chapter 

8. 

Chapter 8 

(LAW) 
1 

S42 
Big data  technologies enable real-time 

analysis. 
-------- 0 

The third technique applied is IG scoring, which evaluates 
the informativeness of sentences through examining the 
contribution of individual words inside every sentence, as 
illustrated in Eq. (1), (2), and (3). Table IV displays sample 
outcomes of IG-based scoring. S14 received the highest score 
(0.327), indicating that it has words with significant 
discriminatory power within the dataset. Sentences such as S41 
and S47 received comparatively high scores; however, S47 did 
not clarify the basic concepts of the instructional material. In 
contrast, lines such as S40 received lower scores (0.235), 
indicating a reduced concentration on high-IG words. 

The final technique applied in the proposed approach is 
SBERT-based semantic centrality scoring, which evaluates 
informativeness at the semantic level by using the pre-trained 
all-MiniLM-L6-v2 SBERT model. Semantic centrality has 
been evaluated, and the centrality score for each sentence was 
calculated as illustrated in Eq. (4), (5), and (6). Sentences with 
higher centrality scores are considered more informative, as 
they are semantically important to the main topics of the 
dataset. 

Table V displays an example of the outcomes of the 
SBERT-based testing. The top-ranked sentences are S2 and S1, 
with each sentence scoring 0.332. Both statements clearly 
provide fundamental definitions and applications of 
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information systems, highlighting their significance within the 
corpus. 

TABLE IV.  SAMPLE OF THE OUTPUT PRODUCED BY IG-BASED SCORING 

METHOD 

Index Sentence IG score 

S14 
Data is stored and processed by the 

Information System. 
0.327321791 

S41 
Readers should now recognize the importance 

of IS in daily and organizational life. 
0.271537004 

S47 
The next chapter will d iscuss system 

development in detail. 
0.263299162 

S5 
Software is a set of instructions that tells the 

hardware what to do. 
0.256487202 

S40 
This chapter served as an introduction to key  

IS themes. 
0.235468327 

TABLE V.  SAMPLE OF THE OUTPUT PRODUCED BY SBERT-BASED 

SCORING METHOD 

Index Sentence SBERT Score 

S2 

Information systems are essential to modern 

organizations, supporting daily operations, 

decision-making, and long-term strategies. 

0.332139224 

S1 

Information systems are combinations of 

hardware, software, and telecommunications 

networks. 

0.332084447 

S16 

People include all the indiv iduals who interact 

with the Information System, from users who 

input data to IT professionals who maintain and 

manage the system. 

0.293755561 

S43 
User-centered design ensures systems meet user 

needs. 
0.286940813 

S5 
Software is a  set of instructions that tells the 

hardware what to do. 
0.252976418 

Sentences such as S16 received relatively high scores 
0.294, indicating their contribution to describing the vital roles 
and practical relevance of Information Systems. In contrast, 
sentences such as S5 achieved slightly lower scores 0.253, 
indicating limited relevance to the overall semantic context of 
the dataset. 

C. Fusion Scoring Strategies Results 

This section illustrates the results that were achieved 
through the fusion scoring strategies module. 

1) ST1_weighted scoring: The input for this strategy 

contains four different scores resulting from the applied 

methods in module 1. The results have been normalized 

between 0 and 1 to facilitate integrating them into a final score. 

We assigned a weighted contribution of (0.4, 0.1, 0.2, 0.3) to 

each score, respectively, based on the nature of the questions 

that needed to be extracted from the course material. The 

highest weight has been assigned to keyword-based scoring, 

which indicates that in educational text, explicit domain 

terminology is the most reliable marker of informativeness. 

NER has the lowest weight, indicating that entity presence 

alone is not a strong enough criterion in the course domain, 

such as dates and names. The combined weights must equal 

one, as presented in Eq. (7). Table VI illustrates how ST1 

provides the distinct differences between well-informed and 

poorly informed information. 

TABLE VI.  SAMPLE OF THE OUTPUT PRODUCED BY ST1 

Index Sentence 
Combined 

Score 

S1 
Information systems are combinations of hardware, 

software, and telecommunications networks. 
0.863 

S23 

Management Information Systems (MIS): This 

system is used to collect data  from different 

sources, process the information, and present it to 

the management team for decision making. 

0.811 

S7 

Most models describe information systems as 

having five main components: hardware, software, 

data, people, and processes. 

0.783 

S14 
Data is stored and processed by the Information 

System. 
0.659 

S3 

Computers, keyboards, disk drives, iPads, and flash 

drives are all examples of information systems 

hardware. 

0.623 

S17 
Without people, even the most advanced system 

cannot generate meaningful results. 
0.159 

S15 
For example, your street address, the city you live 

in, and your phone number are all pieces of data. 
0.158 

S32 Later sections will revisit ethics in greater detail. 0.107 

S35 
Sustainability is a  new focus, considering  

environmental impacts. 
0.099 

S24 
Readers should not worry if some terms seem 

unfamiliar, as they will be explained later. 
0.054 

The first five sentences (e.g. S1, S23, S7, S14, S2) involve 
definitions, functional roles, and system structures, which are 
essential to knowledge acquisition and therefore effective in 
formulating questions. In contrast, the last five sentences (i.e. 
S34, S35, 0S24, S27, S30) notably involve historical notes, 
general insights, and commentary that decrease their 
informative significance within the context. This indicates that 
this method effectively prioritizes statements based on their 
relevance to questions by emphasizing conceptually and 
semantically rich content. 

2) ST2_sequential filtering: In sequential filtering strategy 

(ST2), the four different scores resulting from the applied 

methods in module one were used in sequential order. 

Sentences were initially reviewed using keyword-based 
scoring and NER and then fine-tuned using IG and SBERT 
similarity scores. The filter applied at the first stage was 
Boolean filtering applied based on the existence of a keyword 
or NER in sentences to ensure that relevant sentences are kept. 
This step of filtering reduced the size of the data from 58 to 41 
possible sentences, thereby discarding less informative data at 
an early stage. The second stage used the candidate list from 
stage 1 to apply a ranking process based on their combined IG 
and SBERT semantic similarity scores. The combination has 
enabled the system to test statistical relevance and semantic 
density, creating a more balanced measure of informativeness. 
The ranking process also further refined the results in order to 
end up with the 30 high-quality sentences. Table VII presents 
samples of these sentences. 

3) Set-based combination (intersection/union): The union 

strategy was firstly applied to keyword and NER methods, 

which produced a total of 41 candidate sentences. 

Subsequently, 20 additional sentences were integrated into the 

existing 41 candidate sentences, utilizing the highest 

IG+SBERT scores, resulting in a total of 44 unique sentences. 
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(41+20 →  44 final) indicating that only 4 of the 20 

semantically selected sentences didn’t selected with the rule-
based set and other 16 common was removed to avoid 

redundancy. 

TABLE VII.  SAMPLE OF THE OUTPUT PRODUCED BY ST2 

Index Filtered Sentence 

S14 Data  is stored and processed by the Information System. 

S1 
Information systems are combinations of hardware, software, and 

telecommunications networks. 

S2 

Information systems are essential to modern organizations, 

supporting daily operations, decision-making, and long-term 

strategies. 

S51 
Today, most IS are computer-based, but people and processes 

remain critical components. 

S47 The next chapter will discuss system development in detail. 

S3 
Computers, keyboards, disk drives, iPads, and flash drives are all 

examples of information systems hardware. 

S23 

Management Information Systems (MIS): This system is used to 

collect data  from different sources, process the information, and 

present it to the management team for decision making. 

S16 

People include all the individuals who interact with the 

Information System, from users who input data  to IT 

professionals who maintain and manage the system. 

S18 

Processes refers to the procedures and protocols that guide the 

use of the system, including security measures, backup 

procedures, and data  management policies. 

This evidence indicates that rule-based filters neglected to 
recognize certain semantically selected statements, 
consequently underscoring the complementary nature of 
semantic scoring. An example would be sentences such as 
[S54], “During the input stage, data are collected from different 
sources, such as sensors, transactions, or user input,” which 
would not usually be captured using keyword or Named Entity 
Recognition but are obtained through semantic scoring. The 
union strategy generally produces a wider and more 
informative final set of sentences, resulting from a balanced 
combination of explicit lexical structure and semantic 
similarity. 

The Intersection strategy produced only 18 sentences, as it 
required the previous identification of “candidate sentences” by 
both keyword and NER techniques. The resulting sentences 
were then ranked using a combination of IG and SBERT scores 
to balance statistical and semantic relevance in the final 
ranking. Fig. 4 shows the intersection of the 18 sentences 
across scoring methods. 

When attempting to retrieve the top 20 sentences common 
to the four applied methods, only 18 sentences were provided 
due to the constrained size of the intersection set, with a 
maximum possible of 18. This indicates that intersection 
procedures prioritise precision, albeit at the expense of recall, 
since multiple sentences selected by one individual method are 
excluded. 

D. Evaluation Results 

The results comparing the performance of the various 
strategies used to extract informative sentences demonstrate 
that there are disparities in performance in relation to three 
measures, namely, precision, recall, and overall F1-score as 
shown in Eq. (8), (9), and (10). 

 
Fig. 4. Intersection of sentences across scoring methods. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                               (8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                 (9) 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                       (10) 

According to Dalianis (2018), these metrics are defined as 
follows: Precision is the proportion of correctly identified 
informative sentences among all those classified as 
informative. Recall is the proportion of informative sentences 
successfully retrieved by the system, and the F₁-score is their 
harmonic mean [57]. In this context: 

• True Positives (TP): Candidate sentences correctly 
classified as informative. 

• False Positives (FP): Non-informative sentences 
incorrectly selected by the system. 

• False Negatives (FN): Informative sentences that were 
missed by the system. 

This metric choice balances correctness (precision) and 
coverage (recall): selecting too few sentences risks missing 
important question-worthy content, while selecting too many 
introduces noise into the generated questions. 

The findings suggest that the combination of methods 
usually scores better than single methods. Table VIII and Fig. 5 
present the evaluation results of the four individual methods 
and the fusion scoring strategies. The Sequential method was 
the most precise (0.967), which can be interpreted as its 
capacity to identify sentences with the highest correctness, 
despite the relatively low precision (0.527). In parallel to that, 
the Weighted Score solution had one of the highest precisions 
(0.925) yet a more moderate recall (0.673) when compared to 
the rest of the solutions, leading it to a moderately high F1-
score (0.779). 

The Union strategy showed the highest overall trade-off, 
with both a high recall (0.745) and high precision (0.932) and, 
therefore, the highest F1-score (0.828). Single-component 
approaches, like NER (F1 = 0.500) and Information Gain (F1 = 
0.627) were not effective, too either due to weak recall or 
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average-level precision. The worst in overall performance was 
the Intersection strategy (F1 = 0.411), whose restrictive 
filtering resulted in only a very few numbers of selected 
sentences and poor recall (0.273). The number of sentences 
selected also influenced performance, with broader selections, 
as in the Union method (44 sentences) and Keyword method 
(40 sentences), support high recall but restrict recall in other 
methods, such as Intersection (18 sentences) or NER (19 
sentences) due to limited coverage. Overall, the results indicate 
that although high-precision strategies will guarantee the 
correctness, strategies as Union and Weighted Score that 
balance between precision and recall are still better to use for 
enhancing quality and diversity of questions in automatic 
question generation systems. 

TABLE VIII.  THE EVALUATION RESULTS OF THE FOUR INDIVIDUAL 

METHODS AND THE FUSION SCORING STRATEGIES 

Strategy Precision Recall F1_Score Selected Sentences 

Keyword 0.700 0.757 0.727 40 

NER 0.737 0.378 0.500 19 

IG 0.700 0.568 0.627 30 

SBERT 0.767 0.622 0.687 30 

Weighted_Score 0.925 0.673 0.779 40 

Sequential 0.967 0.527 0.682 30 

Union 0.932 0.745 0.828 44 

Intersection 0.833 0.273 0.411 18 

 
Fig. 5. Comparison of evaluation results. 

V. DISCUSSION 

This research proposed a multi-step hybrid framework that 
combines complementary methodologies for evaluating 
informativeness from linguistic and semantic perspectives. 
Keyword-based scoring identifies domain-specific lexical 
factors, named entity recognition (NER) identifies factual and 
entity-filled content, information gain (IG) scoring determines 
word-level contributions to sentence informativeness using 
entropy-based metrics, and Sentence-BERT (SBERT) provides 
contextual semantic representations to capture deeper 
meanings. 

To overcome the limitations of individual methodologies, 
different fusion methods have been used to combine scores 
from these four methods, providing aggregated measures of 
informativeness for sentence ranking. The findings highlight a 
significant research shortcoming in existing AQG pipelines: 

despite major effort to enhance question generation models, the 
sentence extraction process is inadequately examined and often 
simplistic, depending only on individual features like keywords 
or entity presence. The evaluation results provide significant 
insights into the performance of different methods for 
extracting informative sentences in automatic question 
generation. 

A significant finding is that individual methodologies, such 
as Named Entity Recognition (NER) and Information Gain 
(IG), have constrained efficiency. NER achieved the lowest 
F1-score (0.500), largely due to its poor recall (0.378), which 
indicates that while NER can capture entity-rich sentences with 
relatively satisfactory precision, it misses a substantial 
proportion of informative content. Likewise, IG (F1 = 0.627) 
shows decreased recall, indicating that scoring entirely on 
frequency and entropy fails to adequately cover semantically 
diverse informative sentences. These limitations highlight that 
relying solely on isolated linguistic or statistical indicators is 
insufficient for identifying a broad and reliable set of candidate 
sentences. The SBERT-based scoring method achieved a 
reasonably high F1-score of 0.687, surpassing both NER and 
IG by utilising contextual embeddings that incorporate 
sentence-level semantics. However, the absence of 
complementary structural or domain-specific signals continues 
to limit its effectiveness.  In contrast, the examination of 
fusion-based methods indicates that hybrid approaches can 
significantly reduce these limitations. Strategies like Weighted 
Score and Union integrate lexical, statistical, and semantic 
attributes into a comprehensive metric of informativeness. The 
Weighted Score technique achieved an F1-score of 0.779 by 
balancing high accuracy (0.925) with satisfactory recall 
(0.673), whereas the Union strategy obtained superior overall 
performance (F1 = 0.828), utilising both strong precision 
(0.932) and recall (0.745). The results indicate that hybrid 
evaluation methods not only highlight highly accurate 
sentences but also offer extensive coverage of potentially 
informative content, which is essential for supporting diversity 
in AQG. 

Another significant result is that hybrid approaches provide 
a practical solution to the trade-off between precision and 
recall, a continuous challenge in information extraction tasks. 
Whereas highly precise methods such as the Sequential 
approach minimise noise but at the cost of excluding valuable 
content, more balanced strategies like Union and Weighted 
Score ensure that extracted sentences are both accurate and 
academically rich. This finding highlights the necessity of 
overcoming rigid, single-dimensional extraction criteria in 
preference for adaptive frameworks that can incorporate 
several dimensions of informativeness. 

Overall, these outcomes reinforce the key point of this 
work: the extraction of informative sentences should be treated 
as a core research problem in AQG, rather than as a secondary 
or optional task. The demonstrated improvements achieved by 
hybrid strategies highlight their potential to bridge the gap 
between technical advances in natural language generation and 
the practical needs of educational applications, where both the 
quality and diversity of generated questions are essential. 
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VI. CONCLUSION 

The paper presented a novel hybrid model of Informative 
Sentence Extraction (ISE) in Automatic Question Generation 
(AQG) with keyword scoring, Named Entity Recognition, 
Information Gain, and Sentence-BERT embedding. The 
integration of complementary methods with fusion techniques 
substantially enhanced the process of selecting contextually 
precise and rich informative sentences. Experimental evidence 
showed that both the Union and Weighted Score strategies 
would be effective when a balance in precision and recall is 
required. The results demonstrate the success of multi-method 
combination in the improvement of question quality and 
diversity, which will serve as a strong basis for downstream 
AQG tasks. Generally, the presented framework contributes to 
the evolution of intelligent learning tools because it optimizes 
sentence selection based on the unstructured instructional 
material. Future work should extend these hybrid models by 
incorporating large language models (LLMs), adaptive 
weighting mechanisms, and domain-specific knowledge graphs 
to further improve generalizability and pedagogical validity. 
Additionally, evaluating the generated questions with learners 
and educators would provide practical evidence of the impact 
of hybrid extraction strategies on learning outcomes, thus 
bridging technical innovation with educational practice. 
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