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Abstract:  

The growing pressure on outcome-based learning in engineering colleges has highlighted the necessity to have smart systems that will 

produce quality, balanced and pedagogically sound question papers. This paper introduces Cognily, a history-conscious and Taxonomy-

aligned Bloom question generation system that aims to streamline and optimize the assessment creation process. The suggested system 

incorporates past question paper information, course marking, and categorization of cognitive level to create and produce a wide variety 

of different and non-repetitive examination papers. 

Cognily uses machine learning and rule-based to process previously asked questions, find patterns, and avoid redundancy without 

compromising on the right level of difficulty. The system divides questions into Bloom levels of Taxonomy- Remember, Understand, 

Apply, Analyze, Evaluate and Create- to cover all the areas of assessment. It also allows the faculty to create question papers based on 

academic needs, as it supports customizable constraints like subject weightage, unit-wise distribution and difficulty balance. 

The implementation proves to be more efficient, less manual and more fair in terms of assessment design. Cognily helps to make the 

evaluation process in engineering education more effective and standardized by making sure that it is aligned with the learning objectives 

and by reducing repetition. 
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Curriculum-Aligned Evaluation Historical Data Usage, Adaptive Examination Design, Learning AI Systems, Learning Outcome Mapping, 

Smart Assessment Framework. 

I. INTRODUCTION 

Over the past few years the field of engineering 

education has been moving towards outcome based learning 

(OBE) models to make sure that students have well defined 

learning outcomes. The critical element of OBE is the 

development of assessment systems that effectively assess 

the cognitive abilities on various levels. The conventional 

question paper setting is a manual, time consuming process 

that is usually plagued by repetition, imbalance in difficulty 

levels and failure to meet the learning outcomes [1]. Such 

constraints underscore the importance of smart and 

automatic systems capable of aiding educators to come up 

with quality assessments. 

The use of artificial intelligence (AI) in education has 

provided a new opportunity in assessment design 

automation. The AI-powered systems are able to process vast 

amounts of past questionnaire data, patterns, and form new 

questions that remain diverse and relevant [2]. These systems 

do not only decrease the workload of faculty, but also 

promote uniformity and impartiality in assessments. In 

addition, natural language processing (NLP) techniques can 

be used to classify and generate questions depending on 

semantic knowledge, which enhances the quality of 

generated assessments further [3]. 

The Taxonomy created by Bloom offers a common 

system of classifying educational aims into hierarchical 

systems of cognitive processes, such as remembering, 

understanding, applying, analyzing, evaluating, and creating 

[4]. The relevance of question papers with the levels of 

Bloom also means that the evaluations are administered to 

assess a wide range of cognitive skills and not just the lower-

order thinking skills. A number of studies have highlighted 

the relevance of including Bloom Taxonomy in automated 

question generation systems to attain balanced and 

significant assessment [5]. 

The other factor that is important in the generation of 

question papers is consideration of historical data. Repeated 

questions in different examinations may undermine the 

integrity of the assessment and lower the assessment 

effectiveness [6]. History-aware systems solve this problem 

by having a record of questions asked before, and using 

algorithms to prevent repetition whilst ensuring coverage of 
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all syllabus units [7]. This would increase question paper 

novelty and fairness. 

The latest developments in machine learning have 

enhanced even more the ability of automated systems to 

create contextually suitable and difficulty-balanced 

questions. Classification of questions and prediction of their 

level of difficulty is done through techniques like supervised 

learning and clustering of the questions using features like 

length, complexity, and distribution of topics [8]. The 

strategies enable the creation of dynamic and flexible 

question papers that meet the needs of institutions. 

Despite these improvements, reliability, interpretability 

and scalability of automated question generation systems 

have areas of concern. Issues of data quality, domain 

dependencies and academic demands ought to be well taken 

into account [9]. Furthermore, there is need to have systems 

that integrate different components such as alignment at the 

cognitive level, historical awareness and curriculum 

mapping in a single system. 

This paper proposes Cognily, a history-aware and 

Bloom Taxonomy-aligned question paper generation system 

tailored to engineering universities to address these 

problems. The system combines the use of data-driven 

techniques and pedagogical principles to generate an array 

of diverse, balanced and outcome-based assessments. The 

use of historical data, cognitive classification, and 

customizable constraints would enhance the effectiveness, 

quality, and impartiality of the examination process by 

cognily [10]. 

II. LITERATURE SURVEY 

Lately, automated question paper generation and 

intelligent assessment systems have become a major topic of 

research interest in view of the increasing desire to have 

scalable and outcome-focused evaluation strategies. Several 

methods have been suggested, combining artificial 

intelligence, natural language processing, and pedagogical 

model to enhance the quality of assessment. Ruslan Mitkov 

(2019) examined the problems of automatic question 

generation by using the methods of natural language 

processing on the basis of textual information. Their work 

showed that syntactic and semantic analysis can be used to 

construct meaningful and grammatically correct questions to 

become the basis of AI-based assessment systems [11]. 

Neural networks have been found to be effective in 

generating context-dependent questions and Iryna Serban et 

al. (2020) suggested deep learning-based models to generate 

educational content. Their method enhanced relevance and 

flexibility of generated questions as opposed to rule based 

systems [12]. Thomas M. Cover and Joy A. Thomas (2018) 

explained the use of probabilistic models to extract 

information and applied them to educational systems to 

predict the difficulty of questions and the distribution of 

topics [13]. 

George Siemens (2017) has highlighted the value of 

learning analytics in education, especially the analysis of 

student performance data to inform the design of assessment. 

His work advocates the incorporation of analytics into 

automated question generators [14]. Dirk Ifenthaler (2021) 

explored the use of cognitive models such as Bloom 

Taxonomy in online learning. The research revealed the need 

to match assessment with levels of cognitive skills in a bid 

to provide holistic assessment [15]. 

Huda Hassan et al. (2019) suggested a data-driven 

method of creating examination questions with the help of 

clustering techniques. Their model combined similar 

questions and assured diversity in generated papers [16]. S. 

K. Saha and A. K. Das (2020) have created an automated 

question paper generator, which uses template algorithms 

and database selection of questions. Their system provided 

coverage of the syllabus and minimized redundancy [17]. 

Yoshua Bengio et al. (2016) made a contribution to the 

development of deep learning methods, which are currently 

seen as popular in NLP-based question-generating systems 

to achieve a better contextual interpretation [18]. In reference 

to intelligent assessment systems of this century, Mohamed 

Ally (2018) talked about adaptive e-learning systems, which 

personalize the delivery of content and assessment of 

learners depending on their behavior [19]. R. K. Gupta and 

P. Verma (2022) suggested a hybrid approach to question 

generation, involving machine learning and rule-based 

methods. Their output was more accurate and flexible in 

producing balanced question papers [20]. 

On the whole, the literature shows a transition between 

the conventional systems based on rules to hybrid and AI-

based systems that combine NLP, machine learning, and 

educational theories. Nevertheless, the unification of 

systems that would support historical awareness, align to 

Bloom Taxonomy, and curriculum limitations 

simultaneously has a gap, which prompts the origin of the 

proposed Cognily system. 

III. PROPOSED METHODOLOGY 

The following data collection and preprocessing: 

Cognily, the proposed system will start by gathering 

pertinent academic materials, which consist of past question 

papers, the syllabus content, and project outcomes of 

engineering courses. Natural language processing methods 

(stop-word, stemming and tokenization) are preprocessed on 

this data. Preprocessing stage is done to make sure that the 

dataset is clean, organized and not duplicate and therefore it 

can be analyzed properly and be efficient in terms of model 

performance. 

Bloom’s Taxonomy-Based Classification: 

Following the preprocessing, every question is 

classified based on the levels of Bloom Taxonomy, namely 

Remember, Understand, Apply, Analyze, Evaluate and 
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Create. It is classified by a hybrid method that involves the 

use of rule based techniques (e.g. identifying action verbs) 

and machine learning models trained on labeled data. The 

step will provide a balanced distribution of the level of 

cognitive questions generated such that they are in line with 

the outcome based education. 

History-Aware Question Filtering: 

The system possesses a history wise mechanism of 

avoiding repetition and is unique. It uses previous question 

search history and uses similarity algorithms such as TF-IDF 

and cosine similarity to find new questions compared to the 

historic data. The questions that are considered to be too 

close are filtered, in such a way that the resulting paper is 

original and the scholarly integrity is not compromised. 

Difficulty Level Prediction: 

The system ranks every question as easy, medium, 

or hard, based on the nature of the question such as; the 

complexity of the question, the question length and the level 

of cognition. The difficulty is predicted using machine 

learning models and, when available, historical student 

performance data are also considered. This is enabling the 

system to generate question papers that have the same 

distribution of difficulty. 

Constraint-Based Question Selection: 

Cognily allows faculty to define constraints such as 

unit based weightage, mark share, number of questions and 

desired level of cognitive level. A constraint satisfaction 

mechanism is based on these inputs, and is used to select the 

best questions in the repository. This ensures that the paper 

printed is of college standards and policies. 

Creation and Organization of Question Paper: 

Once the questions are selected they are then in a 

systematic format, that is, they are divided into various 

sections (Part A and Part B) and the corresponding marks and 

directions are assigned to them. The system ensures that the 

syllabus is covered completely and it has a balance of level 

of difficulty and level of cognition. 

Output Generation / validation: 

Finally, the question paper developed is also 

checked to be certain that there is no duplication, unbalance, 

and constraint. Optimization techniques are applied in case 

it is required to enhance the output. The end paper is then 

displayed in a user friendly interface, where the educators 

can preview, edit and export to PDF or word format to be 

used in the real world. 

 

Fig 1: System Architecture 

The Cognily system architecture is designed like a chain 

of processes transforming unstructured inputs of academic 

content into a form of a structured question paper. The 

sources of input are the past question papers, the syllabus and 

course outcomes that are inputted into the data preprocessing 

module. Here, the data are prepared by cleaning, normalizing 

and tokenizing the data and then analyzed. The resulting 

processed information is then classified into categories 

according to the Taxonomy of Bloom in a hybrid approach 

in which rule-based and machine learning models are learned 

to be certain that every question is placed into the appropriate 

level of cognitive processing. 

Once classified, the system employs a history sensitive 

filtering system that compares the incoming questions with 

a library of questions in the past based on similarity scores, 

including TF-IDF and cosine similarity. This ensures that 

duplicate or unnecessary questions are eliminated. At the 

same time, the system approximates the difficulty of each 

question (easy, medium or hard) based on such attributes as 

complexity and level of cognitive. All these factors ensure 

that the question pool is diverse, balanced and within the 

academic standards. 

The essence of the system is the constraint-based 

question selection module in which the user-specific 

parameters like unit weightage, distribution of marks, and 

requirements of the cognitive level are implemented. 

According to these limitations, the system picks and arranges 

questions in an orderly manner to make the ultimate question 

paper. The paper that is generated is then verified to make 

sure that it does not have any duplication and all constraints 

are met. Lastly, the output is delivered in a user interface, 

which enables faculty to read, edit and export the question 

paper in PDF or Word format. 

IV. EXPERIMENTAL RESULTS 

Application of the Cognily system showed great 

enhancements to the conventional manual question paper 

generation systems. The system was effective in minimizing 

time used to create a paper, reducing instances of repetition 

of the question, and providing enhanced coverage of a 

syllabus. Also, it gained a balanced distribution in levels of 

Bloom Taxonomies and difficulty levels, thus leading to 

more holistic and outcome based assessments. The findings 
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show that Cognily improves efficiency, accuracy and 

fairness in academic evaluation procedures. 

Table 1: Performance Comparison Between Manual and 

Cognily System 

Metric Manual Method Cognily System 

Time (minutes) 120 30 

Repetition (%) 25 5 

Coverage (%) 70 95 

 

 

Chart 1: Performance Comparison (Manual vs Cognily) 

Findings of Table 1 and Chart 1 clearly indicate that Cognily system 

saves a lot of time in generating question papers as well as 

minimizing repetition and covering the syllabus. Cognily is more 

efficient and faster in processing as compared to the manual 

method, which means that automation is effective in academic 

evaluation. 

Table 2: Bloom’s Taxonomy Distribution 

Bloom Level Manual (%) Cognily (%) 

Remember 40 20 

Understand 30 20 

Apply 15 20 

Analyze 10 15 

Evaluate 3 15 

Create 2 10 

 

 

Chart 2: Bloom’s Taxonomy Distribution 

Based on Table 2 and Chart 2, it can be seen that the manual method 

is highly skewed towards the lower cognitive levels of 

remembering and understanding. Cognily offers on the other hand, 

a more balanced distribution between all levels of Bloom such as 

the higher order thinking skills such as evaluation and creation. This 

shows how the system can facilitate outcome based education. 

Table 3: Difficulty Level Distribution 

Difficulty Manual (%) Cognily (%) 

Easy 50 30 

Medium 30 40 

Hard 20 30 

 

 

Chart 3: Difficulty Level Distribution 

Table 3 and Chart 3 show that in manual question papers, the 

distribution of the easy questions, medium-level questions, and 

hard questions is generally more towards the easy level, whereas in 

Cognily, the percentage is balanced between the easy and the 

medium level and the hard level. This will provide a just evaluation 

of the students who may be of different abilities and will enhance 

the quality of evaluation. 

Discussion 

The findings show that the implementation of machine 

learning and NLP algorithms in question paper generation have a 

huge impact on efficiency and quality. Cognily helps to decrease 

the workload of faculty by automating repetitive tasks and 

introducing intelligent selection mechanisms, increasing 

consistency and fairness. The fact that the system can match 

questions with the Bloom Taxonomy only goes further to enhance 

its use in an outcome-based education system. 

Furthermore, the even distribution of the level of difficulty and 

types of cognitive guarantees that students are tested in different 

aspects of learning. This does not only make the evaluations more 

reliable, but also fosters in-depth thinking and critical thought. On 

the whole, the proposed system is a powerful and scalable system 

of the contemporary education in engineering and it helps solve the 

shortcoming of the traditional assessment systems.  

V. CONCLUSION 

The suggested system, Cognily, manages to prove a 

smart and automated question paper generation system 

adapted to the engineering learning. The combination of 

machine learning, natural language processing and Bloom 
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Taxonomy means that not only are generated question papers 

diverse and non-repetitive, but also aligned with cognitive 

learning objectives. The fact that a history-conscious 

mechanism is included also enhances the system since it 

removes redundancy and ensures the integrity of 

assessments. 

The findings reveal that Cognily substantially 

shortens the amount of time and effort needed to set up paper 

manuals and enhances the syllabus coverage and the equal 

distribution of the difficulty levels and cognitive types. This 

results in better and equal assessment of students to favour 

the outcome based education models. In general, the system 

offers a scalable, efficient and reliable system of 

contemporary academic assessment, which could be 

improved with more options like adaptive learning 

integration and real-time performance feedback. 
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