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Abstract 

Extracting and getting meaningful information from the data is crucial in today’s world 

when the generation and availability of data has become faster than ever before. You 

probably have heard that while data may be independent from information, information 

can never be independent of data. Therefore, data analytics has become essential means 

of transforming raw data into actionable information. 

The need for effective decision-making process and particular marketing strategies in the 

process of foreign students’ recruitment prompts the University student recruiting team to 

create an easily accessible and comprehensive database from where all necessary 

information relating to the issue under consideration can be retrieved and analyzed. Thus, 

the present research supports the adoption of dynamic dashboards as a way of developing 

the university’s branding and marketing strategies when employing a data-focused 

methodology. Metrics for the created visualizations will be identified in the form of key 

performance indicators (KPIs) and will be based on the data extracted from the students’ 

application files. 

It includes Data Extraction, Data Cleansing, Data Anonymization, Data Transformation, 

Data Integration, Data Loading, Data Visualization and Data Forecasting as part of study 

approach. They will help in evaluating the previous data and in using the future 

information without further alteration of the whole structure. Furthermore, the research 

will help the study of trends and estimates through the use of artificial intelligence or 

machine learning models, which will help in developing the necessary answers on future 

trends and outcomes. 

The general objective of this thesis is to enhance the university’s strategies for acquiring 

more students through advancing data analytics to provide for more rational approaches 

to decision making. 
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Chapter 1. Introduction 

 

While recruiting and enrolling students, universities face several challenges in the current 

dynamic educational environment. As competition grows more intense and the target 

population becomes more diverse, more sophisticated and information-driven approaches 

are needed to attract the right students and retain them. Conventional hiring practices 

often fail to recognize and target prospective students, comprehend the diversity of 

applicant profiles, and maximize marketing initiatives (Gilch & Sieweke, 2021). 

Furthermore, organizations have to utilize such resources as they stay relevant in the 

market due to advancement in technology and availability of information which is now 

becoming common. Another issue is the poor quality of data structures thereby making 

institutions struggle to gather meaningful information from big data, reducing their 

capacity to make strategic decisions (Smith, 2020). 

Future learners are more critical and expect more personalization; this means they 

expect to be provided with data and other input that will be relevant to their decisions 

(Johnson & Coleman, 2019). Much attention should be paid to developing strategies that 

can help institutions overcome the challenging environment characteristic for the industry. 

It is thus agreed that better effectiveness in student recruitment will be realized through 

the application of big data & analytics by organizations, where these facets will enhance 

pattern identification, student behavior prediction, and resource utilization (Brown et al. , 

2023). 

Another factor increasing the level of concern is that education is becoming more and 

more internationalized, and the number of foreign students, who move from country to 

country, is on the rise. Universities effectively have to advertise themselves on the global 

market, which naturally requires a great deal of strategic thinking and profound 

understanding of how one can win the hearts and minds of people from different cultures 

(Jones & Kilburn, 2022). As a result of this global competition, sophisticated analytical tools 

are necessary to gather as well as process data from various geographical areas and 

populations. Furthermore, the current global crisis with COVID-19 underlines the necessity 

of building up the apt digital structures and employing the data-driven strategies. The 

pandemic has forced academic institutions to shift from traditional face-to-face 
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recruitment fairs and workshops to exclusively online events, as well as online courses and 

lectures (Smith & Clark, 2021). The institutions that had developed strategies that 

incorporated data analytic and digital platforms were at an advantage and continued with 

the recruitment as they adapted to the changes. 

This study aims at solving these challenges by providing a strategy for data-centred 

strategies to student recruitment. Through the application of data analytics in decision-

making processes, universities may enhance their efficiency and variety of aims and goals, 

which in time may result in achieving the goals. This type of research has great importance 

since this new approach has the potential to revolutionize the process of students 

recruiting (Iivari, N. , Sharma, S. , & Ventä-Olkkonen, L. , 2020). The use of quantitative 

approaches may help institutions in achieving better competitiveness, decide the most 

effective distribution of the resources they have, and increase students’ diversity and 

equality. Consequently, the process of recruiting students was mainly based on the use of 

quantitative indications and qualitative estimations; oftentimes ignoring such factors that 

may affect candidate action and choice (Posselt et al. , 2020). The technological 

advancements in data analysis, and the application of ML algorithms coupled with cloud 

computing have created opportunities to delve deeper into the students’ profile and their 

interests and academic profile (Kuleto, V. , Ilić, M. , Dumangiu, M. , Ranković, M. , Martins, 

O. M. , Păun, D. , & Mihoreanu, L. , 2021). Moreover, universities themselves might rely on 

previous years’ results or employ forecasting strategies to identify potential challenges and 

ensure timely adjustments of their recruitment strategies in accordance with the demand 

on the market. 

This thesis focuses on several important aspects, which are as follows: 

- integration of analytical techniques in the practices that concern admission and 

enrolment of students. 

- a list of Key Performance Indicators (KPIs) that are vital to measure recruitment 

effectiveness.  

- the importance of anonymizing data in order to prevent important information 

leaks.  

- specifically, the use of predictive modelling techniques to forecast future outcome. 

- the real-life applications of data-driven approaches in actual university 

environments (Taylor Jr, L. D. , 2020). 
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To achieve this, this research aims at identifying some of the important studies of 

application timing including; demographic information of the applicants and students, 

their educational background and their results as stated in the admission cycles of 2022 

and 2023. Notably, the thesis will also seek to identify data-driven solutions for student 

recruitment that is made up of several activities including, data extraction, cleansing and 

transformation, integration and loading, visualization and data prediction. 

In addition, the suggested approach complies with the general trends observed in the 

field of higher education, in which analytics and predictive modelling are recognized as 

indispensable tools for institutional advancement (Zawacki-Richter et al. , 2019). Besides, 

this research aims to provide valuable implications, strategies, and recommendations to 

implement changes in student recruitment processes in higher learning institutions 

(Beech, S. E. , 2020). It emphasizes the need for institutions to embrace utilization of data 

in decision-making within more intensified competition within the education sector. 

1.1 Research Question and Objectives 

To address the above goals, we have formulated and identified a research question and 

several research objectives, which are mentioned below: 

Research Question 

RQ: How can universities enhance the student recruitment and marketing strategy through   

data-driven decision making? 

Objectives 

O1: To facilitate a data driven approach to student recruitment and admission. 

O2: To discover and understand the key performance indicators (KPIs) that will offer 

opportunities for improvement in recruitment approaches. 

O3: To establish a more efficient way of gathering and analyzing recruitment information. 

O4: To determine whether it is advantageous and possible to migrate and consolidate 

historical data. 

O5: To apply the concept of machine learning in predicting and forecasting the results of 

recruitment of students. 
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Chapter 2: Literature Review 

 

When trying to improve student recruiting efforts using data-driven methods, there is a 

need to look at previous literature in an attempt to understand theoretical principles as 

well as the findings relevant to the research aim. The purpose of this literature review is to 

analyze previous research on using data to make decisions about student recruitment, as 

those works are related to decision-making processes regarding student recruitment based 

on data. It will draw on important theoretical views to get valuable insights. 

 

2.1 Theoretical Frameworks 

 

2.1.1 Data-Driven Decision-Making in Higher Education 

Data-driven decision-making (DDDM) has become a popular topic over the last several 

years, particularly within the context of higher education institutions (Kaspi, S. , & 

Venkatraman, S. , 2023). Anderson and Dexter (2005) have made a great contribution to 

encourage the adoption of this shift in thinking because it has various implications for 

strategic planning and operational decision making within the educational sector (Kallio, T. 

J). In their study, they reveal a number of important issues concerning the use of data from 

many sources to define the effective strategies for student’s behaviour and achievement 

(Alshanqiti, A. , & Namoun, A. , 2020). 

Universities, understanding the new dynamics and competitive scenario, are slowly 

coming to terms with the significant role of ‘big data’ in tuning their recruitment process 

and students’ success initiatives. Institutions may make strategic decisions by using the 

integration of data as well as motivating analysing tools to determine complicated patterns 

and trends (Basu, R. , Lim, W. M. , Kumar, A. , & Kumar, S. , 2023). Such data analysis could 

shed light on which recruitment strategies are most closely associated with attracting 

potential students for enrollment, thus, enhancing enrollment ratios and increasing the 

students’ diversity. 
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Moreover, the implementation of DDDM does not end in the aspect of recruitment but 

has influenced other areas of higher education operations. University managers have the 

ability through data to make informed decisions that support organizational excellence, 

learning outcomes and can extend to assessment of academic programs, resource 

allocation among others (Dukic, J. , 2021). In this manner, through the use of data, 

institutions are able to identify potential areas for improvement. They are also able to 

assess the success of existing management and support strategies, which in turn enables 

the enhancing of processes so as to better address and respond to the needs of the 

learners and stakeholders (Stronge, J. H. , & Xu, X. , 2021). 

In the existing literature about DDDM in higher education, a significant concern has 

been made regarding the importance of developing the organisational culture to support 

data-driven decision making. The authors argued that through integrating the data 

analytics into strategic planning, schools may find new opportunities for innovation and 

growth in the development of the new brand ownership and positioning within the ever-

evolving educational environment (Mian et al. , 2020). 

 

2.1.2 Predictive Modeling and Machine Learning 

Assessment technologies and strategies such as predictive modeling and machine learning 

are important strategies that have found their way into helping universities enhance their 

efficiency in student enrollment and retention within the existing and developing learning 

environment. Arnold and Pistilli (2012) have done a great job in pointing out the huge 

benefits of another form of analytics known as predictive analytics in this area and reveal 

the extent of its usefulness in several critical sectors (Nguyen, A. , Gardner, L. , & Sheridan, 

D. , 2020). 

Predictive modeling is often applied to find learners who are at risk of dropping out, so 

measures can be taken for them to prevent them from dropping (Bustamante et al. , 

2021). It is also important to note that with past data concerning academic performance, 

participation rate and socio-demographic parameters, the predictive model has the 

possibility of pointing out students who may be facing learning challenges or even lacking 

interest (Matz, S. C. , Bukow, C. S. , Peters, H. , Deacons, C. , Dinu, A. , & Stachl, C. , 2023). 

Based on this understanding, it is possible for universities to plan and organize specific 
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support service and learning resources in an effort to minimize certain risks or threats and 

to maximize positive impacts on learner outcomes. 

Additionally, predictive modeling can also be in favor of determining other enrollment 

trends, which will be useful for many colleges to get the info about the further increase 

and demographic shifts. Institutional predictive models could generate potential 

enrollment using the findings evaluated against enrollment figures with overlapping 

external features, including economic trends and shifts in demographics (Kerr, C. C. , 

Stuart, R. M. , Mistry, D. , Abeysuriya, R. G. , Rosenfeld, K. , Hart, G. R. , . . . & Klein, D. J. , 

2021). Which means that institutions can adapt to this in their own way to change their 

mode of recruiting. Thus, more active strategy lines can help colleges to respond to the 

changes of market conditions and sustain competitive advantage on the given market in 

recruitment and training of highly skilled individuals. 

Furthermore, predictive analytics enable the personalization of communication and 

interaction strategies for students, as it is required by the characteristics and needs of each 

learner. In turn, the universities are able to employ complex computations to analyze large 

data samples in order to reveal certain tendencies that may indicate the students’ 

preferences and behavior patterns (Nie, M. , Xiong, Z. , & Yang, G. , 2020). A detailed 

understanding of the subject allows the tailoring of messages, resources, and support 

services that will strengthen bonds and enhance the overall student experience. 

The reviews of literature on predictive modelling and machine learning underscore the 

implicit necessity of these concepts of revolutionizing student recruitment and retention 

procedures. This might help universities to not just develop new ways to influence 

students for better results but can also predict future results and take necessary action 

(Dekker, I. , De Jong, E. M. , Schippers, M. C. , & Giesbers, B. , 2020). The possibilities 

brought by the sheer progress of the technology that we have cannot be approached in 

terms of goals since there is nothing that is unachievable when it comes to predictive 

modeling in higher learning institutions. 
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2.1.3 Marketing and Consumer Behavior Theories 

Marketing and consumer behaviour theories have been very relevant in the formulation of 

strategies and techniques that can be used effectively when it comes to marketing for 

students in terms of student recruitment. Segmentation targeting and position (STP) 

technique is highlighted by Kotler and Armstrong (2016) as some of the essential 

approaches which can be used to address different students and to establish a relationship 

within the enrollment process (M. ANTARA & N. P. A. Y. DEWI, 2022). 

Previous works have explained that through the ‘segmentation concept’, colleges and 

universities are able to sort potential students based on their similarities in demographic, 

interest and other factors It means that understanding the needs and interest of the 

segment, institutions can adjust the approach and goals of their recruitment activities 

more effectively (Rosenbloom, D. H. , Kravchuk, R. S. , & Clerkin, R. M. , 2022. As a result, 

they are tailored in a way that focuses on specific kinds of people; this leads to higher rates 

of engagement and conversion. 

Moreover, targeting tactics will allow colleges to better distribute their funds and adjust 

their communications with the target population to areas which are most likely to join in. 

It is significant to note that universities, through identifying specific market groups and 

analysing their unique characteristics, may determine the essential segments that will aid 

in channeling resources to effectively influence potential consumers (Vrontis, D. , 

Makrides, A. , Christofi, M. , & Thrassou, A. , 2021).  

It is a marketing concept also called ‘positioning’ where a particular university 

deliberately creates its image and builds its reputation with an aim to differentiate the 

product to competitors and connect with certain target groups. Universities’ recruitment 

and positioning strategies successfully convey Unique Selling Points or university 

propositions to orient and affect consumers’ decision making process to enhance the gains 

in the recruiting activities (Ebo Hinson, R. , & Mogaji, E. , 2020). 

For successful enrollment marketing communication efforts and good student-

stakeholder relationships during the enrollment process, it is important to understand the 

psychographic variables and needs of the target audience in their decision-making process 

of joining a learning institution. This article, Alwi, S. , Che-Ha, N. , Nguyen, B. , Ghazali, E. 

M. , Mutum, D. M. , & Kitchen, P. J. , 2020) identified consumer behavior research that 



13 

University can use to amplify its message and experiences of its potential students. It also 

contributes to an increased number of enrollments by setting the emotional connections 

for the learning curriculum to be in tandem with the goals of students. 

In terms of student recruitment, marketing and consumer behavior theories may help 

institutions understand the needs of the potential students and consequently explain them 

that why they should join the institutions (Ercantan, O. , & Eyupoglu, S. , 2022). It has been 

observed that segmentation, targeting, and positioning strategies can be used to ensure 

that universities achieve enrollment success, and by using psychographic profiles, 

universities can create a recruiting process that will resonate with different audiences 

(Djuric, V. , 2023). 

 

2.2 Relevance to Research Problem 

These identified theoretical frameworks are useful in addressing the research topic 

because they offer a comprehensive understanding of data analysis techniques involving 

students’ recruitment. These frameworks are coherent with the elements from data 

science, predictive modeling and marketing theories, and in general can facilitate a solid 

foundation for developing a full-proof strategy for universities that enhances efficiency of 

recruiting strategies. 

However, data usage in various decision-making contexts in higher education as 

endorsed by Anderson and Dexter (2005) recognizes the importance of using data in 

support of decision-making planning and executing. This paradigm focuses on integrating 

data from multiple sources in order to better understand the activities and outcomes of 

students and to use analytical techniques as a way of capturing the complex nature of the 

information (Hatch, J. A. , 2023). Recognizing that students’ expectations do differ across 

the two-year and four-year segments throughout the range of institutional goals, colleges 

may be able to achieve institutional goals by implementing this strategy at the college level 

for overall recruitment and to improve the amount and effectiveness of student success 

programs. 

Besides, the application of predictive modeling and machine learning enables 

universities to equip themselves with powerful tools for likely outcomes and adjust 
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subsequent actions in general (Namoun et al. , 2020). Administrators may look at 

enrollment history and even employ statistics to estimate student behaviors, working to 

pinpoint struggling students and properly address their needs. This way, colleges using this 

predictive approach can go ahead and solve challenges, allocate resources, and increase 

student performance (Al-Mamary et al. , 2020). 

In addition, by using the values derived from the theories of marketing and consumer 

behavior like those of Kotler and Armstrong (2016), the college can be able to determine 

the reasons and processes adopted by potential students. This approach ushers in 

importance of segmentation targeting along with position in ensuring that the various 

groups of students are effectively captured within the marketplace. Psychographic 

analysis, needs and preferences for potential candidates can help universities to enhance 

the results of their recruitment activities and to create a strong position in recruiting and 

partnership with students (Goodrich, K. , Swani, K. , & Munch, J. , 2020). 

These theoretical frameworks are stressing the importance of the implementation of 

technology and functionality of tools which helps to find out useful information from big 

data (Babu, M. M. , Rahman, M. , Alam, A. , & Dey, B. L. , 2024). A framework in the 

utilisation of ideas from data science, predictive modeling and theories from the realm of 

marketing can assist universities to maximise the enrolment and retention of an 

increasingly diverse student body and also help provide support to them. This 

understanding forms the basis of enhancing its effectiveness and effectiveness of 

recruiting campaigns in the future and supports university goals of attaining enrollment 

numbers and promoting institutional objectives (Balzer, W. K. , 2020). 

 

2.3 Empirical Evidence 

Support for the data-driven conclusion can be backed by empirical data about student 

employment. This paper provides examples of how predictive modeling may develop some 

useful applications for institutions (Hindle, G. , Kunc, M. , Mortensen, M. , Oztekin, & 

Vidgen, 2020). This study used predictive modeling to quickly pinpoint student candidates 

who were likely to drop out; institutions could then intervene early with messages of 

support and sources of help. Accomplishing evidenced-based predictors and historical 

data, universities effectively recognized potential signs of the disconnection or a more 



15 

permanent disruption to the studies (Oqaidi, K. , Aouhassi, S. , & Mansouri, K. , 2022). This 

made them able to tackle any cases of student leakage or poor academic performance in 

order to reduce student dropout levels. 

Case studies at universities with full data analytics systems show how data-driven 

decision-making affects student recruitment (Luca, M., & Bazerman, M. H., 2021). The 

University of Phoenix and Georgia State University have seen enrollment and student 

achievement improvements after deploying data analytics programs. These case studies 

show how universities can use data to learn about student behaviors, interests, and needs. 

This strengthens recruitment and student outcomes (Stronge, J. H. , & Xu, X. , 2021).  

According to Stronge and Xu (2021), colleges apply data to enhance the process of 

recruitment and students’ performance. A major approach is the implementation of 

enrollment data analysis procedures, demographic and academic profiles included. This 

work enables institutions to focus the recruitment efforts by pointing out which students 

are enrolling and performing. Another aspect is the level of students’ activity should be 

also monitored. Colleges track the library, co-curricular and academic support service 

utilization among others. Knowing these patterns helps institutions design tools that are 

aligned with the needs and interests of students and enhances the achievement of better 

students’ outcomes.  

The literature review also points to the evidence that, for the improvement of student 

yield outcomes in the context of student recruitment, institutions and students can benefit 

from the use of predictive modeling and data analytics. The utilization of data analytic 

enhances student enrollment, satisfaction, and engagement (Kurni, M. , Mohammed, M. S. 

, & Srinivasa, K. G. , 2023, pp. 1709-1719). Based on this study, it is apparent that data 

analysis is key for institutions that aim at recruiting and promoting their missions in the 

current YEAR higher learning institution system. Table 1 provides a comparative analysis of 

the related work in the literature and our methodology. 
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Table 1. Comparative Table of Theoretical Frameworks for Data-Driven Student Recruitment 

References 

Theoretical 

Framework Key Concepts & Methodology Application in Student Recruitment Unique Contribution 

Anderson & Dexter 

(2005), Kallio et al. 

(2020), Kaspi & 

Venkatraman (2023) 

Data-Driven Decision-

Making 

Strategic planning, data 

integration, operational decision-

making 

Provides insights on student behaviors, 

preferences, and performance indicators to 

enhance recruitment strategies 

Emphasizes the importance of a data-

centric culture in higher education 

Arnold & Pistilli (2012), 

Nguyen et al. (2020), 

Matz et al. (2023) 

Predictive Modeling and 

ML 

Predictive analytics, risk 

identification, tailored 

interventions 

Forecasts future outcomes, identifies at-risk 

students, and customizes outreach efforts 

Highlights the use of advanced algorithms 

to predict student needs and improve 

engagement 

Kotler & Armstrong 

(2016), Vrontis et al. 

(2021), Ercantan & 

Eyupoglu (2022) 

Marketing and 

Consumer Behavior 

Theories 

Segmentation, targeting, 

positioning (STP), psychographic 

profiling 

Uses market segmentation and targeting to 

optimize recruitment efforts, positions 

university brand effectively 

Focuses on understanding student 

motivations and decision-making 

processes to enhance recruitment 

This thesis approach 

Data-Driven Decision-

Making, Comprehensive 

Data Analytics 

Data Extraction, Data Cleansing, 

Data Anonymization, Data 

Transformation, Data Integration, 

Data Loading, Data Visualization, 

Data Forecasting 

Integrates all stages of data handling into a 

unified framework, utilizing dynamic 

dashboards and machine learning techniques 

Streamlines the data handling process and 

ensures continuous feedback for ongoing 

optimization and data-driven decision-

making, enhancing recruitment strategies 

significantly 
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From the table we see that in this thesis we provide a more holistic approach to student 

recruitment process. This work is the first to accommodate the three specified theories in 

a consummate manner for student recruitment. This is so because it incorporates data 

analysis, predictions, and marketing plans all in one strategy. Our approach emphasizes 

that the data-driven decision-making examines how crucial it is to apply data from various 

sources when developing the operational and strategic plans. This establishes the 

importance of data, which strengthens recruitment approaches and, overall institutional 

effectiveness in an institution. Other method that is used are predictive modelling and 

machine learning which can help identify students who will register for the programme. 

The prediction will allow universities to plan for some issues so that they can enhance 

recruitment procedures. This theory can assist institutions in personalising and making 

stronger recruitment communications though informing them of methods of 

communicating with the various kinds of students in existence.  
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Chapter 3: Methodology 

 

This section explains the methodology employed for the anonymization, preprocessing, 

extraction, transformation, and loading of data pertaining to international student 

recruitment.  

Firstly, the data, in some Excel sheets, was divided into different CSV files and 

preprocessed through Excel formulas and Power Query to meet its most suitable format. 

Following set up the data format to a structure, it is then loaded to Azure Data Factory to 

create one common source of information. Later, the dataset is exported and brought into 

Azure SQL Database in a tabular form and expanded to MS SQL Server to enable easy 

pulling of data using SQL queries. 

The data was further integrated in Power BI, which helped in deriving various performance 

indicators to gain a better understanding of the recruitment trend. Also, using Python 

scripting, the data was imported into python pandas data frames for advanced data 

analysis and modeling using machine learning algorithms. This kind of machine learning is 

useful for forecasting future trends since it offers preventive discoveries without the need 

for further transformation or modeling. 

This thesis not only provides grounds for the analysis of past occurrences but also allows 

prospective examination of trends, thus providing a thorough insight into the processes of 

international student recruitment.  

 

3. 1 Data Source and Collection 

The information used in this project was collected from Studyinfo (n. d. ). It refers to the 

official site that contains information on the study programs. It encompasses two types of 

admissions occurring annually at the university: rolling admissions as well as joint 

admissions as depicted in the figure 1 below. The process of gathering data from studyinfo 

is done often, and the obtained information is stored in Excel spreadsheets for further use. 

This figure further demonstrates the complete methodological process in this study.  
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Figure 1. Methodology Flowchart 

For the years 2022 and 2023, the university's student recruitment and marketing team 

provided multiple excel files representing the following data sources: 

● Joint Admissions 2022 

● Rolling Admissions 2022 

● Joint Admissions 2023 

● Rolling Admissions 2023 

Each data source comprises essential fields, including: 

1. Application submission time: Enables examination of application submission 

pattern in relation to various markets, information categorized by year, month, and 

day. 

2. Student/learner ID: This is a unique ID for creating consistency across different 

datasets. 

3. Applied programs: Another way of segregating data so as to review the trends in 

attraction of the particular subject. 

4. Citizenship: Gives an idea of the nature of diversity among applicants. 
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5. Date of birth: Assists in the calculation of age for applicants when profiling and 

aligns marketing strategies as well. 

6. Gender: Provides a glimpse into the diversity of the applicant pool for marketing to 

individuals within the organization. 

7. Country of residence: Shows the location of the applicant at the time of 

application, which in return helps in designing the marketing and recruitment 

process. 

8. City of residence: It just offers more refinements in analyzing the applicant data to 

better market to specific personas. 

9. Previous education (Graduation year, degree name, degree level, university, 

country): Helps in understanding the quality of applicants, trends of particular 

universities, and subject areas of previous degree to determine appropriateness of 

their programs. 

10. Educational Agency: Helps in assessing the performance of agencies in previous 

recruitment campaigns for market segmentation analysis. 

11. Offered Place: This defines the candidates who are offered a placement so that one 

can study the trend of conversion for different parameters, including citizenship 

and program. 

12. Confirmed place: Helps in defining conversion rates by demographic and program 

indicators and whether the client accepted the offer. 

13. Registered: Shows the applicants’ enrollment status as either new or returning 

students, enabling a breakdown of conversion figures from application to 

enrollment. 

This formatted and systematic data is used to research and study the patterns of 

international student enrollment and thus, make necessary changes to improve the 

recruitment process and provide suitable programmes. Now, let us consider the actual 

data of Joint 2022 admission in various excel files. Table 2 lists the corresponding snippet 

of the data for number of applications. There are around 1242 rows and 10 columns.
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Table 2. Joint 2022 All Applications 

Application 
submission 
time 

Anonymised 
ID 

Programme/s Citizenship Date of 
birth 

Gender Citizenship Name of the degree 
awarded to you in 
original language and in 
English  

Name and postal address 
of the institution 

Country 
where the 
institution is 
located 

2022-01-18 
09:55:35 

ANON-263780 Master's Programme in Smart Energy (2 
years), 2022 - University of Vaasa, 
School of Technology and Innovations 
(1.2.246.562.20.0000000000000000259
2) 

#0: 
Bangladesh, 

01.08.1997 male Bangladesh Bachelor of Science in 
Electrical and Electronic 
Engineering 

American International 
University- Bangladesh, 
408/1, Kuratoli, khilkhet, 
Dhaka 1229 

Bangladesh 

2022-01-06 
13:04:02 

ANON-039676 Master's Programme in Smart Energy (2 
years), 2022 - University of Vaasa, 
School of Technology and Innovations 
(1.2.246.562.20.0000000000000000259
2), 
Master's Programme in Industrial 
Management (2 years), 2022 - 
University of Vaasa, School of 
Technology and Innovations 
(1.2.246.562.20.0000000000000000259
0) 

#0: Nepal, 06.03.1993 male Finland Bachelor in Engineering Vaasa University of Applied 
Sciences Wolffintie 30, 
65200 Vaasa, Finland 

Finland 

- - - - - - - - - - 

- - - - - - - - - - 

- - - - - - - - - - 

- - - - - - - - - - 
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Table 3 represents the snippet of application data received by the university in 2022 from all 

prospective students, providing an overview of the initial interest in the university's programs. Table 

3 shows the snippet of admission offers extended to applicants in 2022, indicating how many 

applicants met the criteria and were offered a place at the university. Table 4 depicts the snippet of 

admission offers that were accepted by applicants in 2022, highlighting the conversion rate from 

offers made to offers accepted. Table 5 illustrates the snippet of students who registered and 

enrolled at the university in 2022, reflecting the final step of the admission process and the actual 

intake of new students. Such data also exist in other student recruitment data files of Rolling 2022, 

Joint 2023 and Rolling 2023. 

Table 3. Joint 2022 All Offers 

Anonymised ID Programme Registered 

ANON-310055 Master's Programme in Industrial Management (2 years), 2022 Yes 

ANON-795006 Master's Programme in Industrial Systems Analytics (2 years), 2022 Yes 

ANON-319904 Master's Programme in Industrial Management (2 years), 2022 Yes 

 

Table 4. Joint 2022 All Accepted 

Anonymised ID Programme  Accepted the offer 

ANON-121696 Master's Programme in Industrial Management (2 years), 2022 Yes 

ANON-310055 Master's Programme in Industrial Management (2 years), 2022 Yes 

ANON-795006 Master's Programme in Industrial Systems Analytics (2 years), 2022 Yes 

 

Table 5. Joint 2022 All Registered 

Anonymised ID Programme Registered 

ANON-310055 Master's Programme in Industrial Management (2 years), 2022 Yes 

ANON-795006 Master's Programme in Industrial Systems Analytics (2 years), 2022 Yes 

ANON-319904 Master's Programme in Industrial Management (2 years), 2022 Yes 
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3.2. Data Anonymization 

Data anonymization serves as a pivotal method for safeguarding sensitive information by 

converting identifiable data into encrypted identifiers. The core objective is to shield any 

data that could potentially lead to identification, such as student IDs in our scenario. 

Various methods of data anonymization are employed today, each offering distinct 

advantages: 

1. Data Masking: This technique consists of hiding information within the database 

and making it unreachable while the database remains usable. Through the use of 

such approaches as obscuring, we can avoid the instances where our data may be 

leaked or where some of the data’s potential security threats may be present. 

2. Generalization: Generalization is the process of presenting data to a lesser degree 

of detail, replacing specific numbers with a set of data. For example, substituting 

quantitative data with minimum and maximum values that bound it improves data 

privacy while not impairing usability. 

3. Pseudonymization: Pseudonymization involves substituting actual identity values 

with synthetic ones, thus preventing the exposure of sensitive data. Although this 

technique is not an absolute substitute for all the data, it offers a form of security 

against data access by unauthorized people. 

4. Data Swapping: Data swapping involves altering and exchanging data elements 

while making certain that the original data is not discerned. Thus, combining data 

provides for the protection of the data’s integrity and confidentiality in general 

while preserving the security of the specific information. 

In this thesis, the process of anonymization was crucial to ensure that the student ID 

information in the data set is not easily recognizable. In order to do this, a formula in excel 

was used to produce numbers that corresponded with each student id. The formula used 

contained substrings from the student IDs to maintain the anonymity of respondents while 

at the same time addressing issues of validity and reliability. The formula is mentioned as 

follows: 

 "ANON-" & RIGHT (B2, LEN(B2) – FIND ("1.2.246.562.24.", B2) - 19)                  (1) 
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This formula extracted certain parts of the student IDs to anonymize the data without 

affecting the format or functionality of the dataset. The measures we took included 

applying data anonymization techniques to ensure that the data was protected and could 

be used for analysis while preserving the anonymity of the individuals involved. 

 

3.3 Data Pre-processing 

The dataset provided was raw and not well structured hence needed a lot of pre-

processing before the analysis. To optimize conversion and integrate with Azure Data 

Factory, Excel sheet data was translated into numerous CSV files. For example, the Joint 

2022 admission data was segmented into the following CSVs: 

● Joint 2022 all applications 

● Joint 2022 all offers 

● Joint 2022 all accepted 

● Joint 2022 all registered 

Following conversion, standardization was enforced by aligning columns uniformly. 

Therefore, certain columns had to be manipulated to obtain relevant information because 

some of the data were not presented in a standardized format. For instance, in columns 

like 'Citizenship', 'Graduation year', 'Previous degree level', 'Previous university', and 

'Country of previous university', extraneous characters surrounded the relevant 

information (e.g., "#0: Ghana,"). A formula was applied to extract the desired data: 

=MID (L2, SEARCH ("#0: ", L2) + LEN ("#0: "), SEARCH (",", L2) - (SEARCH ("#0: ", L2) + LEN 

("#0: ")))                                                                                                                                        (2) 

Likewise, identifying university names from the ‘Name and postal address of the 

institution’ field is a complicated task due to the inconsistency in data entry. Although no 

specific pattern was evident, a formula was devised to extract relevant data: 

=LEFT(A2, MIN(IFERROR(SEARCH("-", A2), LEN(A2)+1), IFERROR(SEARCH("/", A2),     

LEN(A2)+1), IFERROR(SEARCH(",", A2), LEN(A2)+1), IFERROR(SEARCH("(", A2), LEN(A2)+1), 

IFERROR(SEARCH("_", A2), LEN(A2)+1), IFERROR(SEARCH(".", A2), LEN(A2)+1), 

IFERROR(SEARCH(":", A2), LEN(A2)+1), IFERROR(SEARCH(";", A2), LEN(A2)+1)) - 1)             (3) 
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Additionally, the 'Programme' column in all applications data sources contained multiple 

applied programs within a single cell, necessitating accurate data splitting. This was 

achieved using Power Query in Microsoft Excel. Furthermore, discrepancies in the format 

of the 'Programme' column between data sources required alignment to ensure 

consistency for effective data integration in Azure Data Factory: 

=IFERROR (LEFT(A1, FIND(")", A1)), A1)                                                     (4) 

Lastly, non-breaking spaces were removed from the entire dataset using the formula: 

=TRIM(CLEAN(C4))                                                                     (5) 

The ‘Remove Duplicates’ option under the Data Tools group in Excel was also used to 

eliminate duplicate rows in order to maintain data quality. 

 

3.4 Data Integration 

Data integration remains central and critical to the data processing process since it enables 

the generation of a unified view and a central system of reference. This makes it easier to 

make decisions based on data because one is able to have the big picture of how the data 

is arranged. It helps to avoid the need to manually combine data from multiple sources, 

provide a complete picture of the customer, and address such concerns as data ownership. 

The following are some of the tools that are used for data integration namely, Talend, 

Airflow, SSIS and others (Darius, 2024). In this thesis, Azure Data Factory (ADF) is applied, 

which is a very efficient managed service (Rawat, 2018). ADF is known for its data 

processing capabilities and its ability to perform large-scale data integration tasks. ADF 

incorporates over 90 data sources and thus offers flexibility in case of future data sourcing 

requirements. It enables automation of the integration process, data handling and 

managing of large volumes of data and reduction of integration faults.  ADF is super-fast 

and offer so many connectors. The best advantage of using ADF is that it can also 

collaborate with other Azure cloud technologies like Azure Databricks, Azure Synapse 

Analytics and others. The process of integrating data from several sources into one data 

set is depicted in Figure 2. 
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Figure 2: Data Integration 

Data Integration encompasses several key steps: 

1. Instantiating Azure Cloud Resources: 

● Resource Group: A container for organizing and managing all resources. 

● Storage Account: Facilitates storage of student application data. 

● Azure Data Factory: Dedicated to data integration tasks. 

● Server: Essential for creating an Azure SQL Database. 

● Azure SQL Database: Stores, processes, and enables querying of data. 

2. Moving Data to Azure Storage Account: 

● Converted CSV files are transferred to Azure storage for enhanced 

manageability and accessibility by Azure Data Factory. 

● Containers within the storage account are created to organize and store the 

CSV files efficiently. 

 

3.5 Creation of Linked Services in Azure Data Factory 

Linked services serve as the bridge between Azure Data Factory (ADF) and other resources, 

enabling seamless data transfer and integration. In this thesis, we established two key 

linked services as shown in figure 3:  
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Figure 3: Creation of Linked Services in Azure Data Factory 

1. Linked Service between ADF and Azure Data Lake Storage (ADLS): 

● This linked service facilitates the extraction of data from Azure Data Lake 

Storage. Data stored in containers within ADLS is accessed by ADF for 

further processing. 

2. Linked Service for Loading Data into Azure SQL Database: 

● Another linked service was created to load integrated data into Azure SQL 

Database. Once processed and transformed by ADF, the data is loaded into 

Azure SQL Database for storage and querying. 

Both linked services play a critical role in the data integration pipeline, enabling efficient 

movement of data between various Azure services. This ensures data accessibility and 

availability for downstream processing and analysis. 

 

3.6 Creation of Datasets in Azure Data Factory 

Once the linked services are established, the next step involves creating datasets to 

pinpoint the exact location of the data. As shown in figure 4, each dataset corresponds to 

the location of CSV files stored in Azure Data Lake Storage (ADLS) containers. 
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Figure 4: Creation of Datasets in Azure Data Factory 

 

3.7 Creation of Data Pipeline and Dataflows in Azure Data Factory 

With the necessary prerequisites in place, we proceed to create a data pipeline named 

"Student_Recruitment_Integration," encompassing four distinct dataflows, each tailored 

to a specific set of admission files. For instance, in the case of Joint 2022 admission files, 

the dataflow consists of the following activities: 

3.7.1 Source Creation: 

● Two sources are created within the dataflow, each pointing to the location of all 

applications and all offering data sources in ADLS. 
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Figure 5: Joint 2022 Dataflow 

3.7.2 Join Activity: 

● The join activity, named "Integration1," combines the data from all applications 

and all offered sources. The left join uses all applications data as master data on 

the left and all offers data on the right. The composite keys “Anonymised ID” and 

“Programmes” are used to link the tables to avoid any duplication of records. 

 

Figure 6: Rolling 2022 Dataflow 
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3.7.3 Similar Configuration for Other Data Sources: 

● The same join configurations are also used for all accepted and all registered data 

sources and this promotes uniformity in the dataset. 

 

Figure 7: Joint 2023 Dataflow 

3.7.4 Sink Activity: 

● Lastly, the integrated data is imported into Azure SQL Database by using the Sink 

activity. 

 

Figure 8: Rolling 2023 Dataflow 
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This process is repeated for other student recruitment data files, namely the Rolling 2022 

dataset, the Joint 2023 dataset, and the Rolling 2023 dataset to ensure standardization 

and consistency in data management across the different admission sets. 

By using these data pipelines and dataflows, we are able to integrate data in a more 

efficient manner while at the same time load the data into Azure SQL Database for analysis 

and use.  

 

3.8 Data Loading 

After the data is integrated with Azure Data Factory, the integrated data is then stored in 

Azure SQL Database and generates four tables, where each table contains the integrated 

data for one single admission file. Azure SQL Database is a powerful and reliable service 

provided by Azure Cloud to help manage relational database systems. Indeed, Azure SQL 

Database is known for its scalability and availability enabling the processing of large data 

sets and generation of results almost instantly. 

In addition, the integrated data is also stored in SQL Server Database, which has similar 

functionalities to Azure SQL Database. To connect to SQL Server is beneficial as it 

integrates the on-premises and the cloud in one connection. This approach offers the 

versatility of the two and makes it easier to write SQL for executing different kinds of 

business tasks and operations. 

 

3.9 Data Visualization 

KPIs are well-understood when applied with data visualization as a tool to comprehend 

such indicators. Since we had the data in the MS SQL Server, we took advantage of the 

visualisation power of Power BI to realize the potential of the data. Upon this, the data 

naturally organized into multiple tables within Power BI after import. However, before 

creating visuals, it was important to prepare and analyze the data with the aid of Power 

BI’s Data Analysis Expression (DAX). This was done with the use of several DAX measures 

within the Data View tab of Power BI to come up with new measures and metrics. 

Moreover, Power Query was very helpful in the process of cleaning and reshaping the 

data as required, to make it suitable for analysis. Since the data was sorted out in the 
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programs for each applicant, we began to examine these programs as separate entities 

and at the same time, find value in the other related fields. 

To establish the total number of applicants in different data sheets, we applied some 

predetermined DAX measures. These measures were used to lay the foundation for our 

subsequent data analysis and visualization work, and provided a solid basis for our 

understanding of performance metrics and trends in our dataset. 

Unique Students per Country J22 = 

CALCULATE( 

    DISTINCTCOUNT('Joint2022IntegrationTable'[Anonymised ID]), 

    ALLEXCEPT('Joint2022IntegrationTable', Joint2022IntegrationTable[Citizenship]) 

) 

 Unique Students per Age J22 = 

CALCULATE( 

    DISTINCTCOUNT('Joint2022IntegrationTable'[Anonymised ID]), 

    ALLEXCEPT('Joint2022IntegrationTable', Joint2022IntegrationTable[Age J22]) 

) 

 Unique Students per City J22 = 

CALCULATE( 

    DISTINCTCOUNT('Joint2022IntegrationTable'[Anonymised ID]), 

    ALLEXCEPT('Joint2022IntegrationTable', Joint2022IntegrationTable[City of Residence 

J22]) 

) 

 Unique Students per CountryofRes J22 = 

CALCULATE( 

    DISTINCTCOUNT('Joint2022IntegrationTable'[Anonymised ID]), 

    ALLEXCEPT('Joint2022IntegrationTable', Joint2022IntegrationTable[Country of 

residence]) 

) 
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 Unique Students per Gender J22 = 

CALCULATE( 

    DISTINCTCOUNT('Joint2022IntegrationTable'[Anonymised ID]), 

    ALLEXCEPT('Joint2022IntegrationTable', Joint2022IntegrationTable[Gender]) 

) 

To calculate and visualize applicants who were offered, accepted and registered in the 

programme, following DAX measures were used: 

Count Offered J22 = COUNTROWS( 

    FILTER( 

        Joint2022IntegrationTable, 

        Joint2022IntegrationTable[Offer] = "Yes" 

    ) 

) 

 Count Accepted J22 = COUNTROWS( 

    FILTER( 

        Joint2022IntegrationTable, 

        Joint2022IntegrationTable[Accepted the offer] = "Yes" 

    ) 

) 

 Count Registered J22 = COUNTROWS( 

    FILTER( 

        Joint2022IntegrationTable, 

        Joint2022IntegrationTable[Registered] = "Yes" 

    ) 

) 

It was also needed to extract the city out of the ‘city and country’ column. Different 

applicants have used different ways of writing city and country as there was not any fixed 

format available for the at studyinfo. Following DAX measure has used to extract city by 

looking at different data entries, but still it has some limitations. 
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City of Residence J22 = 

VAR FullText = Joint2022IntegrationTable[City and country of residence] 

VAR Delimiters = {";", ",", " ", "and", "/", "-"} 

VAR FirstDelimiterPosition = 

    MINX( 

        FILTER( 

            ADDCOLUMNS( 

                Delimiters, 

                "Pos", FIND([Value], FullText, 1, LEN(FullText) + 1) 

            ), 

            [Pos] > 0 

        ), 

        [Pos] 

    ) 

RETURN 

IF( 

    FirstDelimiterPosition = LEN(FullText) + 1, 

    FullText, 

    LEFT(FullText, FirstDelimiterPosition - 1) 

)  

Following DAX measure was used to calculate age from the ‘Date of Birth’ column. 

Age J22 = DATEDIFF(Joint2022IntegrationTable[Date of birth], TODAY(), YEAR) 

To calculate day, month and year out of application submission time, following DAX 

measures were applied. 

 Application Submission Day J22 = DAY(Joint2022IntegrationTable[Application 

submission time]) 

Application Submission Month J22 = MONTH(Joint2022IntegrationTable[Application 

submission time]) 

Application Submission Year J22 = YEAR(Joint2022IntegrationTable[Application 

submission time]) 
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Power query was also used to replace values to further clean the data and to change the 

data types at any stage. For example, data columns in the data were changed to German 

format using ‘Locale’ functionality in Power Query. Several charts have been used to 

create data visualizations like tree map, pie chart, clustered column chart, clustered bar 

chart, funnel chart, line chart etc (See Chapter 4). Drilldown capabilities were also applied 

in visualizations to see the details behind the data. 

 

3.10 Data Forecasting 

The following code is used for predicting whether a student will register for the 

programme or not using multiple features like Programme, Citizenship, Data of Birth, 

Gender, Country of Residence, Offered and Accepted. We are using Random Forest 

Classifier to make predictions. While other models like SVM and Neural Networks could be 

used, we have used Random Forest because it fits our scenario as it combines multiple 

decision trees to make predictions. This helps in reducing the overfitting issue as well. It 

requires less data preparation and can handle huge datasets. It also helps in identifying 

feature importance, which we have done in our code.  

 

https://github.com/zeeshanu6/MSc-Thesis-ML-Code.git 

 

In the code, we have first imported multiple libraries and modules required for analysis 

and making predictions. We are reading the CSV file for Joint 2022 admissions and 

dropping some columns which are not required. The values of ‘Yes’ and ‘No’ are replaced 

by 1 and 0 respectively in the ‘Offer’, ‘Accepted’ and ‘Registered’ column. Likewise, we 

have the done the same process with ‘Gender’ column. Since ‘Country of residence’ and 

‘Citizenship’ column will have similar values, we have used the same label encoding for 

them to convert categorical data into numerical data. Age has also been calculated from 

‘Date of birth’ column. We are mapping different programmes in this admission dataset 

with certain values to play around with numerical data.  

 

Finally, we are choosing our features and target for this dataset. After that, we are splitting 

the data for testing and training purposes. We are using Random Forest machine learning 

model and evaluating the accuracy of our model. We are also calculating the values of 

https://github.com/zeeshanu6/MSc-Thesis-ML-Code.git
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Coefficient of Determination, Root Mean Square Error (RMSE) and Mean Absolute Error 

(MAE). In the end, we are visualizing the feature importance’s in this Random Forest 

model, and decision-making process of one of the trees in the Random Forest model. 

 

Figure 9 shows the detailed steps of the proposed methodology in the thesis in the form of 

flowchart.  

 

 

Figure 9: Methodology Steps 
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Chapter 4: Result 

 

The purpose of this research was to contribute to the improvement of the student 

recruitment and marketing of universities by applying analysis and decision-making 

techniques. Many resources and tools have been used for cleaning, integrating, and 

analyzing data. It is through various levels of data cleaning, data merging, and data mining 

that various findings were made regarding the recruitment trends and model for future 

student enrollment. 

This study supports data-driven decision-making to increase student’s enrollment and 

marketing. This is because when such data is integrated and analyzed, universities get to 

learn about the behaviors and patterns of the applicants and this helps the universities to 

enhance their recruitment strategies and thus improve on the admission rates. Thus, the 

application of new data tools and methods guarantees the reliability and practical value of 

these findings, which makes it possible to build effective strategies and make the right 

decisions. 

 

4.1 Citizenship 

Figure 10 shows the distribution of applicants, which provides information on their 

national origin and gives an idea of the countries from which they come. This information 

is rather important for the assessment of the demographic background and the 

international orientation of the applicants. Besides Finland, the other countries from which 

most of the applicants are from Pakistan, Bangladesh, Sri Lanka, Nigeria, and Ghana. For 

Joint admissions, we can notice that there is an exponential increase of 910%, 671%, 575%, 

525% and 272% in the number of applicants from Pakistan, Bangladesh, Sri Lanka, Nigeria 

and Ghana respectively. For Rolling admissions, the scenario is somewhat same but 

citizens from Pakistan and Bangladesh are the leading ones.
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.  

Figure 10: Joint vs. Rolling Admissions Citizenship Distribution 
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4.2 Age Distribution 

The age distribution of applicants for joint and rolling admissions in 2022 and 2023 is 

depicted in figure 11, which also highlights changes and patterns in the age distribution of 

the application pool throughout these years. The most common age of applicants is 27 

years and around it. The second most common age of applicants is 26 years. The situation 

is quite similar for both years of Joint applications. Overall, the greatest number of 

applicants are from 20s in all age distributions. 

Figure 11: Age distribution insights across applicants 

 

4.3 Country of Residence 

The country of residence distribution of candidates for joint and rolling admissions in 2022 

and 2023 is shown in figure 12, which also highlights changes and trends in the residence 

of applicants over these times. Other than Finland, most of the applicants are the residents 

of Pakistan, Bangladesh, Sri Lanka, Nigeria and Ghana.  For Joint admissions, we can notice 

that there is an exponential increase in the number of applicants from Pakistan, 

Bangladesh, Nigeria, Sri Lanka and Ghana. For Rolling admissions, the scenario is 

somewhat same, but residents of Pakistan and Bangladesh are the leading ones. 
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Figure 12: Diversity in the country of residence among applicants 

 

4.4 Joint 2023 City of Residence 

Figure 13 shows the trends of applications around multiple cities for Joint 2023. To watch 

these trends for a particular country, we use the drill-down function in Power BI. 

 

Figure 13: City residence diversity in Joint 2023 
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4.5 Admission Conversion Rate 

The percentage of applicants that moved through the application, acceptance, and 

registration phases is depicted in figure 14, which also highlights any trends or 

modifications in the efficiency of the admissions process during these years. The admission 

conversion rates for joint and rolling admissions in 2022 and 2023 are also shown. The 

highest conversion rate where maximum students registered for the programme from all 

applications belongs to Joint 2022 admission where conversion rate is 9.19% whereas the 

lowest conversion rate belongs to Joint 2023 admissions with conversion rate of 0.84%.  

 

 

Figure 14: Admission conversion rates analysis 

 

4.6 Application Submission Time 

The distribution of application submission times for joint and rolling admissions in 2022 

and 2023 is depicted in figure 15, which also highlights patterns and trends in the times at 

which candidates submitted their applications for each of these years' admission 

categories. 
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Figure 15: Application submission time trends 

 

4.7 Programmes 

Figure 16 illustrates trends and shifts in program popularity and candidate preferences 

throughout the years, showing the distribution of applicants across various academic 

programs for both combined and rolling admissions in 2022 and 2023. The programmes of 

MSc International Business, MSc Strategic Business Development and MSc Industrial 

Management are among the most applied programmes by applicants. 
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Figure 16: Program preferences among applicants
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4.8 Genders 

In order to see if there are any changes or trends in the gender representation of the 

applicant pool throughout various years and admission types, figure 17 displays the 

distribution of applicants by gender for 2022 and 2023 joint and rolling admissions. We can 

clearly see that males are dominant over females with respect to the number of 

applications for both years. 

 

Figure 17: Gender diversity in applicant pool 

 

4.9 Application Submission Time Country for Joint 2022 

Figure 18 shows how different nations' application submission times for 2022 joint 

admissions vary, revealing regional differences. We have selected the countries with most 

applications for analysis for their application submission time. These results depict that as 

soon as the deadline for submitting application gets closer, the number of applications is 

increasing. 
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Figure 18: Application submission time vs. Country for Joint 22 

4.10 Application Submission Time vs Country for Joint 2023 

The distribution of application submission times for joint admissions in 2023 across various 

countries is shown in figure 19, which provides information about any patterns or shifts in 

application behavior and timeliness from the year prior. The greatest number of 

applications from all these countries are seen in the month of January. For other months, 

the number of applications is quite less than January and there are not many variations. 

 

Figure 19: Application submission time vs. Country for Joint 23 
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4.11 Application Submission Time vs Country for Rolling 2022 

Figure 20 provides insights into the temporal trends across various geographic regions by 

displaying the timeline of application submissions for rolling admissions in 2022 across a 

variety of countries. Applicants from Nigeria has applied the most in the month of 

February. Applicants from Pakistan and Bangladesh look more active in the months of 

December and January. Applicants from Finland and Sri Lanka has applied more from 

November to January. Overall, the number of applications somewhat closer to each other 

for all months between November to May. 

 

Figure 20: Application submission time vs. Country for Rolling 22 

 

4.12 Application Submission Time vs Country for Rolling 2023 

Figure 21 illustrates temporal changes across geographic areas by illustrating the timing of 

application submissions for rolling admissions in 2023 across several countries. Most 

number of applications are in the months of November and December. From there on, the 

number of applications can be seen reducing with time. 
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Figure 21: Application submission time vs. Country for Rolling 23 

 

4.13 Previous University 

The figure 22 shows the distribution of applicant's prior institutions for joint admissions in 

2022 while figure 23 shows the snippet of the same data as a list. It offers information 

about the educational backgrounds and career paths of potential students, which may be 

useful for developing recruitment tactics and developing academic programs.  
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Figure 22: Joint 2022 Previous universities attended 

 

Figure 23: Joint 2022 Applicants by Previous University
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Figure 24: Joint 2023 Previous universities attended 

 

 

Figure 25:  Joint 2023 Applicants by Previous University 
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Figure 26: Rolling 2022 Previous universities attended 

 

 

Figure 27:  Rolling 2022 Applicants by Previous University 
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Figure 28: Rolling 2023 Previous universities attended 

 

Figure 29: Rolling 2023 Applicants by Previous University 
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4.14 Forecasting Results 

 

We are extracting and printing the feature importance’s in this Random Forest model. This 

plot, as shown in figure 30 helps us understand which features are most influential in 

predicting whether a student will register for the program or not. 

 

 

Figure 30: Feature Importance 

 

We also created the visualization from the code which allows us to see the whole structure 

and decision-making process of one of the trees in the Random Forest model as shown in 

figure 31. This can be useful for understanding how the model arrives at its predictions, 

which is particularly valuable for explaining the model's behavior. 
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Figure 31: Random Forest Model Structure 

 

This tree basically represents the whole structure by which Random Forest is working and 

predicting. Each step in this tree represents a feature and evaluates a decision. Based upon 

that decision, further evaluation occurs accordingly in the next steps. For instance, in the 

root node, the model is trying to evaluate whether a student will accept the offer or not 

with 622 training samples and impurity level of 0.165.  The value factor shows that 902 

students did not register while 90 students registered. Moreover, we can see acceptance 

of offer being the most influential factor, followed by geographic and demographic 

information. 

 

The Random Forest model has given us the accuracy of 0.97, which indicates that this 

model will have 97% of chance in predicting correctly that whether the student will 

register for the programme or not. 
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Chapter 5: Discussion and Conclusion 

This thesis aimed to enhance data-supported student recruiting and marketing methods 

for the university. The primary objective is to explore how universities can integrate data-

driven approaches to improve recruitment processes, ultimately addressing the research 

question of “How can universities enhance the student recruitment and marketing 

strategy through data-driven decision making? “The conclusion made from this study 

shows that data collection, analysis and deployment used in this thesis enhance the 

efficiency and sustainability of formal student recruitment through real-time dashboards 

and data forecasting based on the data generated by these applications.  

The present study shows that the application of the data-driven approach in developing 

recruitment-related processes provides universities with a competitive understanding of 

students’ behaviors, preferences, and outcomes. Using original quantitative data regarding 

the past and present, institutions can understand when and where to invest and how-to 

best market to their target demographics. This is in line with the theoretical underpinning 

of DDDM that incorporates the use of data from different sources in the strategic planning 

as well as operations of the business entities (Kaspi and Venkatraman, 2023). From the 

case of its application in recruitment, data analytics also leads not only to the optimization 

of the marketing plans, but also the strategic development of the institution as a whole. 

Additionally, the goal of this study is to provide insightful conclusions, practical solutions, 

and suggestions for altering the admission procedures of higher education institutions.  

5.1 Predictive Modeling and Machine Learning 

● The results obtained from data forecasting will help student and recruitment 

team at the university to have a rough prediction that how many students will 

register for the programme. 

● For example, students who are projected to be at risk of dropout can be easily 

detected so that universities may be able to offer them requisite amenities and 

assistance in advance (Bustamante & Garcia-Bedoya, 2021). 

● These results are giving us the accuracy of 97%, which is a great score. 

● We can use any admission dataset to make predictions using this model. 
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● Enacting this strategy is beneficial because it prevents students from dropping out 

and enhances students’ performance. 

● This evidence supports the findings of previous research works as it revealed that 

predictive analytics has a profound influence on the student recruitment, as well 

as on the student retention (Nguyen et al. , 2020). 

The research also affirms how the concept of marketing and consumer behavior can serve 

as significant theoretical frameworks for designing efficient recruitment strategies. Here, 

STP: segmentation, targeting, and positioning helps to identify different students’ 

segments and subsets to be targeted by universities. Overall, this work proves that 

institutions that are able to develop target recruitment initiatives based on the 

psychographic characteristics, needs, and preferences of students have a better chance of 

creating meaningful appeals (Kotler & Armstrong, 2016). Targeted communication 

strategies employed based on analytical findings ensures more engagements with the 

intended students boosting the levels of registration. 

The findings of this research reveal that various sources of results are rather useful when it 

comes to the practical application of data to recruit more students. For instance, the 

example of more detailed case-studies of institutions that have adopted integrated data 

analytics platforms highlight annual changes in enrolment returns and convert rate as well 

as changes in student retention rates and risk indicators. These institutions have employed 

data analysis in the assessment of the behaviors and preferences of the students in the 

learning process, which then helps the institutions in formulating strategies for recruiting 

students and enhancing the rates of their retention (Luca & Bazerman, 2021). The results 

confirm the understanding of data analytical methods as effective strategies useful for 

university recruiters who want to enhance institution’s performance to meet its objectives 

within the context of increased competition of higher education. 

This research sheds light on the belief of the usefulness of analytics, knowledge of 

predictive analysis, and marketing concepts useful in conducting improved student 

recruitment strategies. Through such approaches, universities can be better equipped to 

make informed decisions as well as enhance the methods used in marketing their 

institutions and consequently increase recruitment as well as retention standards in their 

learning institutions. The research proves that implementing data driven approaches not 
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only enhances the efficiency of recruiting but also contributes to the tendencies expressed 

in the development of higher education where data analysis and predictive modeling are 

viewed as valuable assets for institutional change (Zawacki-Richter et al. , 2019). 

In this project, the recruitment and marketing of the university students was done through 

proper analysis of data. To achieve better results, a big data set from a variety of sources 

as well as the most effective data analysis instruments were employed to obtain insights 

and improve the existing method of recruiting. 

The main goal was an attempt to create a single source of dynamic data that is used for 

the purpose of creating useful dashboards for data extraction and analysis. One of the 

outcomes to emerge from the application of this method involved the creation of KPIs 

from the student application files in order to enhance decision-making. These sources 

revealed that the university retained applicants from principally Pakistan, Bangladesh, Sri 

Lanka, Nigeria, and Ghana thus broadening its international outreach. 

The survey found that most applicants were 27 years old, offering a demographic target 

for marketing. The greatest conversion rate was 9.19% in Joint 2022 admissions and the 

lowest was 0.84% in Joint 2023 admissions, suggesting admissions process improvements. 

Some of the most famous programmes among applicants include MSc International 

Business, Strategic Business Development, and Industrial Management. 

The majority of applications were male, suggesting that increased efforts are needed to 

encourage female participation. Using machine learning, enrollment patterns were 

forecasted and notable trends were identified to provide potential institutional planning 

guidance. They identified temporal variations of application usage in different regions, 

which might help refine strategies used by recruiters. Lastly, in the context of the study, 

synthesizing and discussing the accumulating masses of data confirmed that data-driven 

decision-making might help enhance the processes of students’ enrollment. Universities 

may increase enrollment through recruiting optimization if these institutions analyze 

candidate data and trends. In light of the results of this study, practitioners would benefit 

in order to enhance the further development and internationalization of the university. 
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5.2 Key Limitations 

5.2.1 Data Quality 

● Firstly, the reliability and validity of the finding depend on the availability of data 

and the quality of the data which may be distorted due to several factors like 

missing data or measurement errors. 

● It is still possible that there are some built-in biases and/or gaps in information 

procured from the admissions cycles of 2022 and 2023. 

● Moreover, timeliness also refers to how relevant the data is when presented, 

which is particularly important for the recruiting process in organizations with 

high turnover rates. 

● Such limitations suggest that a more careful approach should be employed when 

interpreting results and validating the findings, and it is equally important to 

understand the results that may stem from data quality issues. 

5.2.2 Generalizability 

● While the insights and recommendations offered here are valuable, they might 

not be universally applicable to all higher education institutions. 

● Institutional characteristics such as size, location, and student demographics could 

significantly influence the feasibility and effectiveness of implementing data-

driven strategies. 

● For instance, larger institutions may have more resources and expertise to invest 

in sophisticated data analytics tools, whereas smaller colleges may face 

constraints in acquiring and maintaining such technologies. 

● These are important considerations to bear in mind concerning important 

limitations of the study, implying that the credibility of the data and results 

analysed should be deemed highly relevant, given that variations in data quality 

can significantly affect the findings. 

5.2.3 Ethical Considerations 

● Another issue that requires further consideration is the ethical implications of Big 

data such as privacy concerns and dataset biases along with the capabilities that 

are needed in implementing them. 
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● Despite attempting to follow best practices and protect the confidentiality of 

clients described in the study, there can be potential ethical issues tied to data 

gathering, assessment, and synthesis. 

● Institutions have to act carefully when they embrace the trend of using data for 

purposes of gaining competitive advantages while not infringing on the rights and 

freedoms of possible learners. 

● Additionally, the possibility of successfully employing data-driven approaches can 

be a function of available technology in the institution and the capability of staff 

in the management of data, the need for staff development and organisational 

investment in infrastructure to underpin data projects. 

5.2.4 Studyinfo Considerations 

● A lot of changes in the architecture of studyinfo is required to make sure the 

accuracy and integrity of data. This platform should make sure to restrict 

applicants from providing random data as much as possible.  

● There should be select boxes instead of text fields for the universal data. For 

example, there should be a select box available to provide a list for cities rather 

than a text box. 

● There should be different fields for the name and postal address of the previous 

education institution.  

● The programme names should be consistent over the years. Also, there should be 

a specific delimiter applied at the end of each programme because we need to 

analyze data for each programme. 

● The system must stop applicants from entering wrong data in every field. 

Different rules must be applied for each field through regular expressions. 

This thesis has explored the question of data-driven approaches to student recruitment in 

an attempt to respond to the learning institutions’ difficulties in leading the identification, 

targeting, and acquisition of student prospects. By identifying the features of data 

analytics for decision making, key KPIs, ethical issues, and technological factors, this study 

has synthesized valuable lessons for the institutions willing to improve their recruitment 

mechanisms. The strengths of this study lie in the collected data, while the limitations 
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refer to data availability, generalizability, and ethical constraints of big data in higher 

education recruitment; nevertheless, it highlights the value of approaches based on data in 

transforming the recruitment landscape. By employing data and numerous statistical 

models, universities can get better insights about the students’ population, their 

preferences and their activities, thus facilitating the effective enrollment of prospective 

students. 

As future work progresses, it is crucial for institutions to stay committed to investing in 

both technological assets and educate their employees in the adoption of data-driven 

approaches. Therefore, constant practice and research in the higher education context are 

equally important to develop the study results to the next level, and to fortify the practice 

for better recruitment standards following the new market tendency and consistent 

alternative rules. Finally, by adopting approaches of using analytical data in universities, 

the organizations not only can increase their overall competitiveness and optimize the 

distribution of resources but can also contribute to the development of the inclusiveness 

and diversity of the student population. This thesis can be seen as a call for change for the 

institutions to enhance the use of innovation and data in the recruitment process for the 

higher education systems making it efficient, fair and focusing on student’s needs. The 

future of this study encourages to explore efficient forecasting machine learning 

approaches to predict the future intake and related factors in the admission.  
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