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Abstract

Background Across higher education, student retention, progression, and graduation are considered essential
elements of students'academic success. However, there is scarce literature analyzing these attributes across health
professions education. The current study aims to explore rates of student retention, progression, and graduation
across five colleges of the Health Cluster at Qatar University, and identify predictive factors.

Methods Secondary longitudinal data for students enrolled at the Health Cluster between 2015 and 2021 were
subject to descriptive statistics to obtain retention, progression and graduation rates. The importance of student
demographic and academic variables in predicting retention, progression, or graduation was determined by a predic-
tive model using XGBoost, after preparation and feature engineering. A predictive model was constructed, in which
weak decision tree models were combined to capture the relationships between the initial predictors and student
outcomes. A feature importance score for each predictor was estimated; features that had higher scores were indica-
tive of higher influence on student retention, progression, or graduation.

Results A total of 88% of the studied cohorts were female Qatari students. The rates of retention and progression
across the studied period showed variable distribution, and the majority of students graduated from health colleges
within a timeframe of 4-7 years. The first academic year performance, followed by high school GPA, were factors

that respectively ranked first and second in importance in predicting retention, progression, and graduation of health
majors students. The health college ranked third in importance affecting retention and graduation and fifth regard-
ing progression. The remaining factors including nationality, gender, and whether students were enrolled in a com-
mon first year experience for all colleges, had lower predictive importance.

Conclusions Student retention, progression, and graduation at Qatar University Health Cluster is complex and mul-
tifactorial. First year performance and secondary education before college are important in predicting progress

in health majors after the first year of university study. Efforts to increase retention, progression, and graduation rates
should include academic advising, student support, engagement and communication. Machine learning-based
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predictive algorithms remain a useful tool that can be precisely leveraged to identify key variables affecting health

professions students’ performance.

Keywords Health education, Student progression, Student retention, Student graduation, Machine learning, XGBoost

Background

Across higher education, the persistence of univer-
sity students until the completion of their educational
degrees is a key indicator of student achievement, and
therefore institutional success [1]. Student success
parameters are commonly regarded as primary pointers
of institutional performance, as they reflect the overall
quality of student learning and intellectual involvement;
integration of students in campus life; and effectiveness
of programs in delivery of what students expect and need
[2]. In this regard, student retention, progression, and
graduation are considered essential attributes of students’
academic progress as well as institutional reputation [3].
Student retention refers to the ability of a higher educa-
tion institution to keep the enrolled students engaged
and motivated about their studies until completion of
their degree, and it involves strategies to reduce attrition
and increase the likelihood of students persisting in their
education. Retention efforts may include academic sup-
port, mentoring, counseling, financial aid, and a support-
ive campus environment [4]. The majority of research on
retention refers to this term as continued enrollment of a
student from the first year to the second year [5, 6]. The
importance of retention stems from the fact that higher
retention rates at a given university indicate that more
students will persist, pay tuition, and generate academic
achievements; all of which are key factors to institutional
achievement [7]. On the other hand, student progression
refers to the advancement of students through various
stages of their educational journey, with successful com-
pletion of coursework, attempting credits, and meeting
specific academic requirements across different study
levels. Student progression ensures that students make
steady academic evolvement that culminates in earn-
ing their degrees in a timely and efficient manner [8].
Both retention and progression aim towards conclusion
of student attainments that improve overall graduation
rates [6, 9]. Higher education institutions keep records of
retention, progression, and graduation rates of students
as measures of program effectiveness [10, 11], as well as a
requirement for accreditation [12, 13].

Several factors may affect retention and cause under-
graduate students to leave their majors, such as low
achievement in early years, competitive culture, spe-
cific atmosphere of some courses, curriculum overload,
poor teaching quality, and loss of interest [14]. Research
has highlighted methods to identify students at risk of

dropping out and therefore low retention, such as ana-
lyzing college entry data, administering focused surveys,
and implementing early warning systems [6]. Addition-
ally, multiple factors affect student progression, such as
students’ actual and perceived performance, enjoyment
of the subject matter, personal contact with academ-
ics, student support services, and social attributes [15].
Across health professions education, factors such as gen-
der and grades of first year were significant indicators
of student dropout and progression in medical school
[16]. Moreover, in a case study on retention of Doctor
of Physical Therapy degree program, it was shown that
implementation of a student support program based on
advising, regular communication, expanded orientation,
early academic warning, and campus services, among
other features, was able to achieve better student suc-
cess and increase graduation rates [17]. In nursing col-
leges, poor retention has been attributed not only to
student academic factors, but also to a lack of necessary
interventions by faculty starting from admission and per-
sisting throughout the curriculum, with need for broad
academic advising [18]. Despite such findings, a paucity
of studies on factors affecting retention, progression, and
graduation remains obvious in medical education lit-
erature, and this stresses the need for a thorough, long-
term investigation as a part of quality assurance in health
academia.

An emerging trend in higher education is to leverage
empirical data using data mining techniques and machine
learning strategies to analyze, predict and enhance stu-
dent retention, progression, and graduation rates [19, 20].
One approach, which holds great promise in this field,
involves the use of ensemble models that combine mul-
tiple algorithms of other base models to overcome the
complexity involved in forecasting student retention and
success [21-23]. Ensemble models, which include gradi-
ent boosting, random forest, and extreme gradient boost-
ing, also called XGBoost, offer a powerful prediction
solution that addresses the inherent limitations of single
estimator models including low accuracy, high degree of
variance, and bias. In comparison, ensemble models offer
higher accuracy, lower variance and bias, improved pre-
dictive power, and higher interpretability [24]. XGBoost
has demonstrated high performance, effectiveness,
robustness, and accuracy in predicting student retention
and success in higher education, as evidenced by bench-
marked performance metrics when compared to other
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models [25]. One notable feature of XGBoost is its ana-
lytical capabilities in identifying key variables (feature
importance analysis) that impact student retention, pro-
gression, and graduation, making it an invaluable evalu-
ative tool in informing timely and strategic decisions and
guiding interventions to enhance student retention and
success [26]. The predictive power of XGBoost heav-
ily relies on the selected variables during the modeling
process. This underscores the importance of leveraging
relevant expertise and crowdsourcing to engineer a rich
set of variables that enhance the predictive accuracy [23].
XGBoost algorithm determines the relative importance
of these different variables in predicting student reten-
tion, progression and graduation, thus helping in efficient
allocation of resources [26]. It is crucial to recognize that
the type and nature of variables play a significant role in
deciding the predictive performance, effectiveness, and
precision of XGBoost. Therefore, considering the insti-
tutional context becomes critical in defining the relevant
variables, as there is no consensus on a universal model
to apply uniformly across all higher education institu-
tions. The customization and adaptation of the model
to suit specific institutional needs and strategic priori-
ties are critical for its successful implementation, and are
appealing to examine in the context of health professions
education.

Qatar University (QU) is the country’s primary institu-
tion of higher education, and has become today a beacon
of academic and research excellence in the region. Since
its inception in 1977, QU offers the widest range of aca-
demic programs tailored to meet the needs of Qatari
society, with both national and foreign students enrolled.
Subsequent to the approval of the Board of Regents in
January 2017, QU established the Health Cluster, with
three member colleges at that time, namely medicine,
pharmacy, and health sciences. The Cluster currently
includes two newer sister colleges, dental medicine and
nursing. National and expat students from both genders
are enrolled in the Health Cluster, and study together in a
common first year established at the Cluster as introduc-
tory level of multi-professional education since 2018. The
main concept behind this common year is to enhance
the Health Cluster’s overall educational and financial
effectiveness and to better utilize the existing resources
in teaching, research, community service, and others.
Accepted students are enrolled in the first common year
before they are eligible to pursue their majors of selection
among the five current health colleges. Once students
successfully complete the first semester of this year, they
are sorted and officially admitted into their selected col-
leges. It is worth mentioning that all health major stu-
dents in the first year should take a block of common
courses delivered through a team teaching approach by
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faculty from the different colleges of the Health Cluster.
Although the offering and placement of these courses
may vary according to the study plan of specific colleges,
they remain regularly overseen by the Health Cluster. In
this regard, the teaching material, theoretical and labo-
ratory activities, and various assessments are delivered
similarly to students from all health colleges. The effect
of this unification of the common first year on health stu-
dents’ success has not been assessed. Likewise, the study
of factors affecting retention, progression, and graduation
of students after the first year at the QU Health Cluster
has not been previously realized, and to our knowledge,
has not been done otherwise on health education majors
in Qatar. This study aims to explore factors affecting
health students’ retention, progression and graduation
after finishing the first year of health education at QU
Health Cluster, by XGBoost machine learning approach.

Methods

Study design

The study was a retrospective, longitudinal analysis of
secondary data of students in the first year across the
QU health cluster. Data for the study from the years 2015
through 2021 were extracted from the student data man-
agement system. The data were cured and analyzed to
gain insights into factors affecting student retention, pro-
gression, and graduation.

Data collection and types of data utilized

Secondary data of cohorts of students enrolled in the
health colleges from 2015 until 2021 were collected from
the QU data repository. A longitudinal design was cho-
sen to collect all data over the specified timeline, ena-
bling tracking changes and identifying patterns or trends.
All students from the selected cohorts were included in
the study rather than selecting a smaller sample from
the target population to maximize the sample’s repre-
sentativeness and reduce any potential bias that may
result from selecting a subset of the data. Issues related
to missing data, attrition, and other potential sources of
bias that may arise over the studied years were carefully
considered.

For each of the aforementioned cohorts, the data uti-
lized included demographics of students like gender,
nationality, college, high school type (whether public or
private), high school Grade Point Average (GPA), and
type of admission to QU (as QU permits direct admis-
sion from high school as well as admission to a prepara-
tory phase called foundation year, where students receive
English language and mathematics education). Moreo-
ver, data on student retention at QU, progression, and
graduation were collected. For the purpose of analysis,
student retention was defined as students who remained
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enrolled at QU after completion of the first year. On the
other hand, student progression was defined as a change
of student classification by earning more credit hours.
For example, a student was considered progressed from
freshmen to sophomore year if 29 credit hours have
been earned within one academic year. If the classifica-
tion of the student remained the same within one year,
the student is not considered to have progressed. Finally,
student graduation was referred to as completion of the
degree program.

Statistical analysis

Descriptive statistics were used to summarize and deter-
mine the cohorts’ characteristics and distribution of the
students. The normally distributed data and results were
reported with mean and standard deviation (SD), while
the remaining results were reported with median and
inter-quartile range (IQR). Categorical data were sum-
marized using frequencies and proportions. The Chi-
square (x2) test or Fisher exact test assessed associations
between two or more qualitative data variables. Quan-
titative data between the two independent groups were
analyzed using the unpaired t-test or Mann-Whitney U
test. Finally, univariate and multivariate linear regression
analysis (controlling and adjusted for predictors such as
age, gender, nationality, college, and others were applied
to determine and assess the associations between aca-
demic performance and other attributes. The results of
linear regression analysis were presented as coefficients
with corresponding 95% confidence interval. All P-val-
ues presented were two-tailed, and P-values<0.05 were
considered statistically significant. All statistical analyses
were performed using Statistical Package for Social Sci-
ences (SPSS) software, version 28, and R program.

XGBoost algorithm

XGBoost is a highly regarded machine learning algorithm
that excels in both regression and classification problem-
solving. Its optimized and distributed gradient-boosting
framework offers exceptional efficiency, flexibility, and
portability. In the current study, we deployed XGBoost
to scrutinize the variables affecting student retention,
progression, and graduation within our cohort of health
major students.

The initial phase involved gathering an extensive data-
set for the students. This dataset comprised demographic
details (gender and nationality) and key academic perfor-
mance indicators (student college, high school GPA, first
achieved cumulative GPA, and whether a student had the
first year of health major as common year). These factors
were selected due to their potential impact on student
outcomes. The target variable in the dataset was whether
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a student retained, progressed, or graduated within a des-
ignated timeframe.

The collected student data underwent a process of
preparation and feature engineering, making it ready for
analysis. Subsequently, we leveraged XGBoost to con-
struct a predictive model. This algorithm builds a pre-
dictive ensemble model by iteratively combining weak
decision tree models, a process grounded in the principle
of boosting. Each successive decision tree in the ensem-
ble is designed to rectify the inaccuracies of its predeces-
sor. By examining the individual decision trees and their
interplay, XGBoost captures the intricate relationships
between the initial predictors and student outcomes.

During the model training phase, XGBoost monitors
each feature’s usage frequency in pivotal decisions across
all decision trees. The algorithm generates a ‘feature
importance score’ for each predictor by aggregating these
statistics. This score signifies the relative contribution of
a feature to the model’s overall predictive strength. It is
computed by tallying the total gain of each feature across
all the decision trees in the ensemble, where ‘gain’ rep-
resents the enhancement in the model’s objective func-
tion achieved by bifurcating the data based on a specific
feature. By scrutinizing the feature importance scores,
the most impactful predictors in the model were identi-
fied. Features that bear higher scores were indicative of
a more pronounced influence on student retention, pro-
gression, or graduation in health majors, hence under-
standing the critical factors that drive student outcomes.
In our experiment, we used a grid search of parameters
and cross-validation to ensure the best training and vali-
dation performance. We set also the parameter related to
the class distribution. This parameter is used to manage
the imbalance in classification problems where the class
distribution is skewed. It is a form of scale factor applied
to the positive class in binary classification, and its pur-
pose is to give more emphasis to the minority class.

Results

Demographic characteristics of the cohorts

Table 1 shows the demographics of the studied group
of students in terms of gender and nationality. Female
Qatari students represent the majority of the studied

Table 1 Demographics of studied health professions student

cohorts

Nationality Gender Number (%)

Qatari (43.9%) Female 754 (88%)
Male 99 (12%)

Non-Qatari (56.1%) Female 876 (80%)
Male 213 (20%)
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population, with 88% of students. In terms of nationality,
non-Qatari students represented 56% of the studied pop-
ulation, with about 12% higher proportion as compared
to the Qatari students, and Chi-square showed a statis-
tical association between gender and nationality with
p-value<0.05.

Student retention, associated factors, and characteristics
of the non-returning students

Figure 1 shows the proportions of non-returning health
major students in the second fall semester after their
first year by nationality and gender. All fall semesters had
non-returning female students, with higher percentages
for those who were non-Qatari. We noticed also that the
percentage of non-returning male students was increased
in the fall 2020 semester.

Further breakdown by high school GPA category
showed that the majority of non-returning students
were highly competent upon initial admission to the QU
Health Cluster, with high school GPA > 95 (Fig. 2).

We further analyzed the factors that affect students’
second fall retention. To achieve this goal, we trained
an XGBoost classifier using student data that consists
of demographic features and academic information.
The Chi-square test showed no statistical association
between the nationality and the second fall retention
over time (p-value>0.05). Eighty percent of the data
was used to train the model, and 20% was used for test-
ing. The XGBoost parameters were as follows: number of
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estimators =300, learning rate=0.05 and the maximum
depth of trees=7.The trained model achieved an accu-
racy of 83% on the test data. Table 2 details the ranking
of features affecting student retention in terms of impor-
tance. The first achieved cumulative GPA during the first
year and the high school GPA were the two most impor-
tant predictors of the second fall retention, followed by
student college. Less importance was given by the model
to the demographic details of the students and common/
non-common year feature.

Further analysis showed that retention of health major
students was in general highest in the college of medicine
and lowest for students in the college of dental medi-
cine. The fluctuation of retention rates across the years
by nationality and gender were heterogeneous as shown
in Figs. 3 and 4 respectively. However, both non-Qatari
students (regardless of gender) and male students had the
lowest retention rates in fall 2020, at around 81% and 73%
respectively.

Student progression and associated factors

We analyzed whether the change of the course level (first
year courses versus major courses in the second study
year) has an impact on student progression. Our strat-
egy consisted of training a classifier on students’ data to
determine whether a student will progress or not, then
conduct a feature importance analysis which provides
an estimate of the usefulness of each feature in the pre-
diction. This analysis indicated the relative contribution
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Fig. 1 Percentages of non-returning health students in second fall after first year by nationality and gender



Hammoudi Halat et al. BMC Medical Education (2023) 23:909

100%
90%
< 80%
% 70%
oo
S 60%
g
Z 50%
=
S 40%
[a
% 30%
©
5 20%
10% I [] 0
oo o
Fall 2015 Fall 2016 Fall 2017 Fall 2018
m<75% m75-85%

W 85-90%

Page 6 of 11

Fall 2019 Fall 2020 Fall 2021

90-95% M >95%

Fig. 2 Percentages of non-returning health students in second fall after first year by high school GPA

Table 2 Ranking of features affecting health majors students’
retention in the second fall by importance

Feature Ranking
First cumulative GPA 1
High school GPA 2
Student college 3
Nationality indicator (Qatari, Non-Qatari) 4
Gender 5
Common/non-Common year 6

Ranking assigns a value of 1 for highest importance and increasing numbers for
decreasing importance

105.0%
100.0%
95.0%
90.0%
85.0%

80.0%

Percentage

75.0%
70.0%
65.0%

60.0%

Fall 2015 Fall 2016  Fall 2017

==@==Qatari students

of each feature to the model’s decision. For simplic-
ity, the training data consisted of student demographics
and an indicator of whether a student has progressed
in the previous academic year (if applicable). We used
an XGBoost classifier trained on 80% of the data with
the following parameters: number of estimators=100,
learning rate=0.01 and the maximum depth of trees=5.
The objective was to determine which of the indica-
tors the classifier would heavily rely on when analyzing
student progression. The findings, detailed in Table 3,
showed that the progression in the previous year and
the high school GPA were the two most important indi-
cators, while less importance was given to nationality
and student college. Analysis of data of progression by
health college showed that it was highest for medicine
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Fig. 3 Trends of retention of health major students between fall 2015 and fall 2021 by nationality
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Fig. 4 Trends of retention of health major students between fall 2015 and fall 2021 by gender

Table 3 Ranking of features affecting health majors students’

progression by importance

Feature Ranking
Progression in the previous academic year 1
High school GPA 2
How many times student progressed 3
Nationality indicator (Qatari, Non-Qatari) 4
Student college 5

Ranking assigns a value of 1 for highest importance and increasing numbers for
decreasing importance

and pharmacy students, and lowest for those in dental
medicine.

Student graduation period and associated factors

Analysis of the graduation period among the health stu-
dent cohorts was done. Figure 5 depicts the density plot
of the graduation period, where it was shown that most
of the students managed to graduate from their health
majors in 4 to 7 years.

Further analysis of health majors students’ gradua-
tion period showed differences by college and national-
ity. Figure 6 details the average graduation period for
the students as well as graduation period by health col-
lege and nationality (only three colleges are included,
since the other two colleges did not graduate yet their

0.40

0.35 A

0.30 1

0.25 A

0.20

Density

0.15

0.10

0.05 A

0.00 T T
4 5

6

T T T

7 8 9

Number of Years to Graduate
Fig. 5 Density of the graduation period for the studied health major student cohorts
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Fig. 6 Mean graduation period in years by health college for the studied health major student cohorts

Table 4 Ranking of features affecting health majors students’
graduation period by importance

Feature Ranking
First cumulative GPA 1
High school GPA 2
Student college 3
Nationality indicator (Qatari, Non-Qatari) 4
Second fall retention (Yes/No) 5
Common/non-Common Year 6
Gender 7

Ranking assigns a value of 1 for highest importance and increasing numbers for
decreasing importance

first cohorts). The results show that the studied cohorts
required slightly longer average period to graduate than
the program length and that was highest for health sci-
ences students (4.84 years for 4-year programs). Students
in medicine and pharmacy majors needed slightly higher
times to graduate than the program length in years (6
and 5 years respectively). In all majors, Qatari health
students’ graduation periods were longer compared to
non-nationals.

We also trained an XGBoost regressor to predict the
graduation period using student data detailing their
demographics and academic information. The model
parameters were as follows: number of estimators =200,
learning rate=0.02 and the maximum depth of trees=5.
Table 4 presents the feature importance, where the first
cumulative GPA and high school GPA were highly impor-
tant in predicting the graduation period. Less importance
was attributed to the college, nationality, and retention
in the second fall after admission to first year. However,

common/non-common year indicator and gender were
least important predictors of graduation.

Discussion

This study is among the few to address retention, pro-
gression, and graduation issues among students from dif-
ferent health professions education disciplines, and the
first in Qatar to address this gap of knowledge. The colla-
tion of data of students majoring in different health pro-
fessions and who are enrolled across several consecutive
cohorts at QU is crucial for understanding factors asso-
ciated with retention, progression, and graduation at a
national level. This study contributes to providing general
recommendations for improvement of the educational
processes for various health major students and giving
insights to assist them through successful completion of a
health profession degree towards graduation.

In 2020, a systematic review on student success in
health education majors suggested that it is challenging
to isolate a single variable as the best predictor of student
success; rather, a combination of variables can offer a reli-
able prediction method [27]. Hence, our model, based on
machine learning, incorporated multiple elements in a
comprehensive method of extracting intellectual insights
from raw student data, that were analyzed to determine
meaningful patterns of student performance in health
professions education [28]. According to initial findings
of this analysis, first academic year performance, fol-
lowed by high school GPA, were common factors that
respectively ranked first and second in importance in
predicting retention, progression, and graduation. While
student college ranked third in importance affecting
retention and graduation and fifth regarding progression,
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the remaining factors showed a variable pattern of
importance.

Retention analysis has become one of the most impor-
tant attributes for higher education outcomes [29]. The
loss of students returning to college for another year
results in financial loss, less progressing students, and
lower graduation rates for the institution. Also, this loss
has negative consequences on stakeholders, parents,
and students’ views [30]. In the studied health profes-
sions student cohorts, the first year GPA was the most
important factor affecting retention, and this replicates
previous findings in different universities [31, 32]. In
health professions education, literature reports a simi-
lar pattern. For instance, in a large study from New
Zealand, Shulruf and Colleagues [33] reported that first
year grades are the most important determinant affect-
ing first year success among students in nursing, phar-
macy and health sciences undergraduate programs.
Similar results regarding early academic achievement
were reported by independent research groups for stu-
dents from nursing baccalaureate major [34] as well as
pharmacy programs [35]. Gershenfeld and Colleagues
[36] showed that low first semester GPA is a statistically
significant predictor of students’ inability to gradu-
ate on time. The cumulative GPA of the first year is a
good indicator since it is a composite of average grades
in all courses, and it will not only affect retention, but
also progression and graduation rates according to our
results. Therefore, institutions should determine best
outcomes of the first year for their students and look
into the competitiveness and challenges associated with
this year. Special attention to students with low first
year GPA should be practiced to improve retention of
new comers to health majors and help them progress
beyond their first year. This can be accomplished by
various means including academic advising, strategies
to promote overall student well-being, provision of
resources for student support, and increasing student
engagement. According to results shown in Fig. 1, most
non-returning students were non-Qatari females; how-
ever, nationality and gender ranked fourth and fifth in
importance regarding retention according to XGBoost
predictive model. Meanwhile, compiling percentages of
retention as shown in Figs. 3 and 4 by nationality and
gender respectively showed a quite mixed pattern. It is
noticeable that retention rates of male health major stu-
dents and non-Qatari students were at minimum in fall
2020 across the studied cohorts. Although the direct
interpretation of this pattern cannot be conclusively
done from this analysis, it is anticipated that changes
which accompanied COVID-19 at that time may have
affected this cohort of students. For example, non-
national students may have left the Health Cluster due
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to relocation of their families possibly caused by budget
cuts and employment changes that occurred in the
wake of the global pandemic. This effect of COVID-19
on student enrollment and retention rates is expected
and has been previously reported in literature [37-39].

The high school GPA ranked second in importance
for retention, progression, and graduation among the
first year Health Cluster students. Similar results were
shown by Stewart and Colleagues [40] and by Cambi-
ano and Colleagues [41]. High school grades were also
significant predictors of graduation in a 30-year retro-
spective study of students at medical school [42], and in
another that included student data from a university for
6 consecutive years [43]. Contrary to our findings, Tross
and Colleagues [44] reported that high school GPA had
no predictive value for college retention. It is important
to note that although high school GPA was the second
most influential factor according to the predictive model,
results reported in Fig. 2 show that the majority of non-
returning students had high GPA in high school. This
calls for a further analysis of these results and realizing
an in-depth search of the factors that led these students
to leave their health education. Literature provides sev-
eral positive ways to improve retention like preadmission
testing, cultural diversity, and faculty support of student
success [45]. More specifically for health education pro-
grams, and according to results of a systematic review,
the most successful strategies deployed by medical, nurs-
ing, and health colleges to improve retention were multi-
layered. They consisted of appropriate selection to the
program, comprehensive pre-entry orientation, support-
ive college environment, development of mentorship and
tutoring programs, flexible content delivery, and provid-
ing social and financial resources [46].

Regarding health college of the studied cohorts, it
ranked third in importance to affect retention and gradu-
ation, but last in affecting progression. We also observed
that most students graduated within one year or less of
the intended graduation period according to the indi-
vidual programs, although Qatari students in general
needed a slightly longer time. On the other hands, demo-
graphic factors like gender and nationality were consist-
ently less important predictors according to our model.
Also, the implementation of common year after 2018 as
an early interprofessional education model was not an
important driver of retention, progression, and retention.
This needs further analysis perhaps after more cohorts of
students who have enrolled in common year have grad-
uated and the common year practices have been fully
standardized. This is especially important in light of posi-
tive findings of interprofessional learning in the first year
education among health students [47], and the pioneer-
ing experience of QU in this regard [48, 49].
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Our study does have shortcomings. While the analy-
sis relied on student demographic and academic data,
it did not consider some non-academic factors that
may affect the results. For example, student engage-
ment, proper communication, and collaborative learn-
ing, are considered key components of a student
success-oriented culture [17], and were not addressed
in this analysis. Moreover, at some points during the
period covered by the study, major challenges may
have affected students, most importantly the COVID-
19 pandemic and its profound effects on education in
general as well as on health education [50-53], with
universities struggling to maintain students and ensure
reasonable retention rates [54, 55]. Changes in reten-
tion, progression, and graduation may have occurred as
collateral effects of the pandemic, and were not possi-
ble to consider within this analysis. It is, therefore, cru-
cial that more consolidated studies that are inclusive of
additional factors affecting student success should be
realized.

Conclusion

To conclude, multiple factors affect retention, progres-
sion, and graduation rates for students at the Health
Cluster at QU. This baseline analysis sheds a light on
the importance on first year of university study and
secondary education prior to college on student per-
formance after admission to health majors. Improving
rates of retention, progression, and graduation should
consider a multitude of student factors, and should
combine an approach of academic advising and student
support to positively affect students’ progress in health
professions education. Predictive methods rooted in
machine learning, such as XGBoost, can be useful as an
invaluable tool to automatically analyze complex stu-
dent data with accurate results for uncovering impor-
tant factors that influence health professions students’
accomplishments.
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