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Abstract - With an increase in educational resources for the growing population, data for Basic Education (BE) is becoming
larger, requiring technical data tools to analyze and interpret. This research uses classification and clustering techniques to
analyze the data from public schools in Ghana to identify the challenges. Nine (9) data mining algorithms in rapid miner
studio 9.10 were used for the analysis to know the most efficient algorithm suitable for the data. These are; Generalized
Linear Module (GLM), Naive Bayes (NB), Logistic Regression (LR), Deep Learning (DL), Decision Tree (DT), Fast Large
Margins (FLM), Gradient Boosted Tree (GBT), Random Forest (RF), and Support Vector Machines (SVM). The performance
of GBT was seen as more appropriate, and this algorithm's results were presented. Excerpts from the reports are also included
in the form of qualitative data. A diagrammatic representation of the interoperability among levels of education for quality
education has also been presented. A proposed Neural Network model has been designed for the challenges and solutions.
The conclusions draw that addressing the challenges of BE requires educational policy stability and enforcement to maximize

resources and minimize the challenges in schools at all levels of education.

Keywords - Challenges, Classification, Clustering, Data mining, Educational resources.

1. Introduction

The core of the education sector in a country is BE. As
the foundation for educational growth and development,
success at this level is leveraged to achieve success at higher
levels of education. This means that the bottlenecks of BE
negatively affect the educational progress in the country at
all levels. In [1], the exploration of a rural education system
concerning the challenges in the availability of resources and
resource mapping in China is presented. This is a historic
presentation regarding the teaching methodologies the
deprived schools are compelled to use in lesson delivery.
This affects the quality of education. As a middle-income
country, Ghana has struggled to achieve some amount of
success in education with significant educational policies [2].
Both the government and Civil Society Organizations (CSO)
and the private sectors invest in BE to help in improving
quality education [3]. In the paper [4], a decade trend of the
challenges and success of education in Ghana is presented
regarding the key issues that need attention. This shows the
effort put in place by various governments and international
bodies in the country to improve BE—public educational
institutions which are a government-own attempt to achieve
the targets of the education sector.

As a legal responsibility, the Ministry of Education
(MoE) conducts an annual census to gather data for the
various educational indicators. This data spans access,

quality, management and technology in education. Careful
identification of the challenges of BE in the country is often
challenging. Using graphs and common tools in spreadsheets
does not give enough details of the problem. The application
of relationships among various levels of education and the
interoperability of quality education concerning the
availability and use of resources is a challenge. Technical
data analytical tools that can specifically identify the
challenges of BE in detail are not used. This makes it
difficult to accurately identify the challenges of BE in the
country, creating both rural and urban schools that lack basic
educational resources to enhance effective teaching and
learning. In this research, the quality of education regarding
the availability of pedagogical tools to enhance effective
teaching and learning is considered by using RapidMiner
Studio 9.10 as a data mining software to carefully analyze
the data to identify the available resources and challenges of
education. The data has been grouped into districts, and the
institutions are classified into rural and urban schools.

Further grouping into clusters is used to identify well-
endowed schools and deprived schools. This is necessary to
find the characteristics of each cluster to identify the unique
challenges. Generally, the research aims to identify the
challenges of BE for a sustainable solution to improve the
quality of education. Specifically, the study has two
objectives; 1. To accurately determine the obstacles of BE
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using data mining techniques 2. To identify sustainable
solutions for quality education at the basic level through a
proposed model.

The formal educational system of Ghana dates back to
the colonial era, which is before 1957. When Ghana gained
independence in 1957, it had the strongest educational
system in Sub-Sahara Africa till the 1970s [5]. The
challenges of BE in Ghana have been a thorn in the flesh of
stakeholders in the country, and several interventions have
been carried out in an attempt to address the challenges [6].
Mainstream schools and special and inclusive educational
institutions are deeply affected [7]. The local and
international bodies have invested heavily in addressing the
challenges of BE to close the gap between rural and urban
education [8]. Despite all these interventions carried out, BE
is still characterized by numerous challenges making it
difficult for the country to see an improvement in the Key
Performance Indicators and achieve its targets in the country

[9].

2. Related Work

From [9], the Education Strategic Plan 2018-2030 spells
out the strategies needed to improve the education sector's
performance. Cost and resource allocation to the various
levels of education has been carefully done to provide details
and help trace the challenges of education. Projections have
been made by using the 2016/2017 academic year as a
baseline to predict the education sector's performance going
forward. Barely over three years after the prediction, the
sector's performance is still far below the projected values for
each year. This clearly indicates that if measures are not
taken, no expected improvement for the indicators will be
achieved. The MoE launched the Educational Management
Information System (EMIS) to facilitate the collection of
educational data for informed decision-making in the
country. This was sponsored by the World Bank and had
technical support from Harvard University. From the report
[10], UNESCO Institute for Statistics (UIS) gives technical
support with an application customized for Ghana. This is a
conscious effort made by the MoE to build a stronger
database to help in planning and decision-making in the
education sector. Despite all these efforts, it is still difficult
to accurately predict and plan effectively using the data
available from the ministry.

From the paper [11], careful analysis of the available
data revealed a fluctuation in the population of school-going
age. This is an abnormal trend regarding the population
growth of a country that does not experience population
decay but rather growth. The inaccuracies and
inconsistencies affect the results of educational indicators,
which are the basis for decision-making. This subsequently
affects the efficiency of decision-making as the speed,
accuracy and ease of decision-making are affected [12].
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2.1. Classification in Datamining

In the paper [13], classification is a machine-learning
technique for constructing prediction models from data. This
technique is good for getting unknown values/future values
of information for decision-making. In classification, each
record has attributes that are used in grouping the data
according to the class. Classification will therefore help in
finding a model for class attributes as a function of the values
of other attributes. In doing this, previously unseen records
are assigned classes as accurately as possible. The model is
developed by training data sets and validated with different
test sets of the same data type. According to [14],
classification in a dynamic environment is always a
challenging task in data mining. The use of training data to
get the model and the use of test data to test the accuracy of
the model may not be feasible in real-life situations. A
comprehensive data mining approach to classification is
necessary for dynamic environments. From [15], novelty
detection, where abnormal patterns are embedded in larger
normal data, is needed to improve the accuracy of dynamic
environment classification. Despite these challenges,
classification in big data is the most recommended task in
predicting future values for decision-making.

2.2. Clustering in Datamining

Unlike classification, in clustering, variables of similar
features are put into sub-groups or categories known as
clusters. This does not go by pre-defined data guided by the
algorithm. Records or rows are clustered based on
similarities [16]. The data miner is responsible for assigning
meaning to the clusters. In one cluster, the variables are alike
and different from that of other clusters. Labels can be
tagged to clusters and assigned records in the database to
their respective classes after grouping the variables, which
can be used for data classifications [32]. The paper's author
[18] sees clustering as an independent data mining method
used to organize data sets and analyze them using other data
mining techniques. Common forms of clusters include;
contiguous clusters, density-based clusters, centre-based
clusters, Well-separated clusters, and Conceptual clusters or
shared properties. In this study, the clustering of schools will
be done based on the well-endowed and deprived schools.
Further sub-groups or clusters, such as deprived and well-
endowed schools, will also be identified within the various
classes. It will help in finding the needs of the learners and
the teachers in all schools.

2.3. Application of Data Mining in Education

In the paper [19], an intelligent prediction model for
student performance is done using an ensemble and filtering
approach. This is seen to be more efficient than individual
classifiers in generating predictions. Speed in prediction,
accuracy and ease to use of the system is seen in predicting
the students' performance. As indicated in [20], the core
objective of every educational institution is to maximize
performance and reduce the level of failure among students.
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This can be achieved if there is a proper prediction of the
learner's abilities to know the strengths and weaknesses. This
will be more effective when early prediction is made using a
web-based support system. As indicated in [20], the teacher
and the learner's pattern and logs can be monitored to
improve learners' academic performance in university
through data mining techniques. Clustering, classification
and visualization of the data can help to identify the patterns
for early detection and correction. In a related paper [21],
event logs downloaded from the higher levels of learning in
Croatia were analyzed using clustering and decision tree
techniques. This was done regarding the decision-making on
how students learn with due consideration of the learner's
behaviour. A survey on educational data mining by [32]
reveals relevant information on modifying the teaching and
learning environment to improve effective teaching and
learning using Educational Data Mining tools. In [32], a
hybrid data mining model is proposed to enhance students’
performance and evaluation accuracy. Naive Bayes and J48
classifier techniques are used in the proposed model to
enhance efficiency for accurate analysis of learners'
performance in a precise manner. The application of
educational data mining to a massive course can be seen in
[23]. In a learning management system (LMS) delivered by a
Brazilian university, the use of EDM algorithms revealed
relevant information, including the attributes of learners as
the most significant factor contributing to the learner's
performance. Still, in the same country, the academic
performance of students in public schools is predicted using
data mining techniques. Gradient boosted tree was used in
the prediction to enhance efficiency in predicting academic
performance in each school year [24]. In a related paper [25],
the first three years' performance of engineering students in
Nigeria has been analysed using their graduation results. Six
data mining algorithms were used, and the algorithm with the
higher accuracy was selected.

Concerning ethical issues, the ethical issues in data
mining are considered in [26]. Educational data mining is
now seen at all levels of education and in all aspects of
learning. The individual's privacy and inventiveness hold
ethical implications for minors and the vulnerable in society.
This was done by analysing a paper written by the U.S
Department of Education. In [26], a review of data mining in
education is done. From graduate theses and articles
reviewed in Turkey, the data analysis techniques, sampling,
nature of data and the data sources were considered.
Variables for the study and the results were also supposed to
know the target in educational data mining. It was realized
that artificial neural networks are the most common
educational data mining technique in solving academic
problems. It is seen that students' achievement is the target in
all the papers, and learners at the higher level are targeted.
SPSS was seen as the recommended tool for data analysis. In
a survey [27], a comprehensive review of educational data
mining is done with associated terminologies such as
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learning analytics, data-driven decision-making, big data in
education, educational data science etc. The main
publications and findings regarding the objectives and the
methodologies were considered. The future trend in the
research area is also noted. In a blended learning course, the
learning behaviours of learners were analysed. With
experimental data from two classes in python programming,
the prediction of higher-risk learners was accurately made.
This is possible with data from the educational environment.
Machine learning and symmetric-based learning approaches
were used in the model to help in the prediction of students'
behaviours. The validity of learning and the testing of
learning styles theory using data mining can be seen in [27].
Evidence of learners' learning styles concerning the learning
materials and the teaching techniques adopted was analysed
using the logs of the learners and the instructors in a learning
management system using the index of learning styles.
However, the research proved no correlation between the
learning style and the learning materials used. In [28], the
evaluation of assessment questions for learners has been
modelled using classification as a data mining technique.
This analyses the questions based on bloom's taxonomy of
assessment. Commonly, educational research is based on
surveys, interviews and classroom observations as used in
[29] to identify education challenges. In [30], classification
in data mining can be used to gather detailed information on
a problem. Proper categorization of schools into urban and
rural gives more transparent information for policy
interventions [31].

3. Methods

This is exploratory research. It makes use of both
quantitative and qualitative data from the Ministry’s EMIS
reports in Ghana. The data is from a population of 216
districts in 10 regions. It is secondary data extracted from the
year 2000 to 2019 academic years. EMIS conducts an annual
census in basic schools to gather information on access,
quality and education management. The data mining tool
used in the analysis of the data is RapidMiner studio 9.10.
Classification and clustering as data mining techniques are
employed in grouping the data into rural and urban classes.
Urban schools were seen as schools in communities which
has a population of 5000 people or more. Rural schools were
seen as schools in communities with a population of fewer
than 5000 people. This is further grouped into clusters in the
form of well-endowed and deprived regarding the challenges,
accurate interventions needed and the solutions.

The qualitative data from reports were also extracted and
presented in quotations where the information was quoted
from the reports. It has been used in coming out with the
findings of the quality of education in the country. The
methodology used is technical and innovative as opposed to
the methodology used in the available research in the area.
Research works on BE in Ghana are presented in table 1.
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Table 1. Research works in Basic Education in Ghana.

SIN|Ref.|Year Topic/Aspect Research Techniques used
1 | [2] | 2015 | Examining the prospects and challenges of recent provisions Purposive target interventions
2 | [3] | 2019 | Basic Education in Ghana: Success, challenges and way forward ;%?égy analysis in graphs and
3 | [6] | 2007 | Prospects and Challenges of the School Performance Improvement Plan Percentages, charts and graphs
4 |7 |2015 Speqlal a_nd |_ncIu5|ve education in Ghana: Status and progress, challenges Case study

and implications
5 | [5] | 2016 | Access to Basic Education in Ghana: The Evidence and the Issues Case study
6 | [9] | 2018 |Basic Statistics and Planning Parameters for Basic Education in Ghana Charts, graphs and percentages.
7 |[29]]2011 | Education in Ghana — status and challenges Charts, percentages and tables
8 [[11]]2021 Eggﬁggzgsﬁflmency in Basic Educational Management using Data Mining Classification and clustering

Urban endowed

Urban deprived

Rural deprived Rural endowed

Challenges

Accurate Interventions

Solutions

Quality Education

Fig. 1 Flowchart for the Problem Identified

3.1 Data Collection

The data used is from the MoE. Schools supplied the
data to the ministry through the Ghana Education Service.
This data is collected from an annual census of schools to
know the available resources in schools and the needs of the
schools. It is a legal requirement for every school to provide
the data. The ministry summarizes this data, producing
national, regional, district and school reports. Qualitative
data augment the quantitative data from the reports to
enhance the authenticity of the information and the datasets.
For deep mining, a training dataset from one region was
used.

3.2 Data Preparation

The data were filtered and normalized to enhance the
integrity and efficient performance of the model. Null values
were removed, and errors in data entry resulting in multiple
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entries in a cell were also removed. The incomplete data,
which is not meaningful, were removed since they were
irrelevant. This was done by visiting the individual variables
which constituted the columns of the data. It made it more
suitable for the use of various classification algorithms. As
the data was extracted from reports, an amount of qualitative
text was used. Error! Reference source not found. is the f
lowchart for the work.

3.3 Feature Selection

There was a need for feature selection to maximize the
model's efficiency and enhance the faster running of the
selected classification algorithms. This helped in using only
the relevant features in each of the algorithms to achieve the
targets. Redundant variables were excluded in the selection
to pave the way for more useful variables in other to avoid
complexity. The various features that were selected are
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mainly on the locality of the schools, the level type, the
names of the schools, the available enrolment by sex and
class, the availability of teachers, the furniture (sitting and
writing places) situation, teaching and learning materials,
attendance and dropout.

3.4 Description of the Datasets

The data is made up of the information available in the
various schools in each district of the region. It consists of
the year of the census, the name of the region, the name of
the district, the type of locality in which the school is (rural
or urban), the level, the status (private or public), the EMIS
code which is a unique ID for each school, name of the
school, enrolment by age and sex for the various classes,
teacher availability by sex for the various classes based on
professionalism. Classroom availability, furniture available
for the various classes, availability of reading materials,
learners' attendance, and dropout. Specifically, the variables
used are in two categories; educational resources and
challenges. For the educational resources, the variables are;
Sitting_Places (Sitting places), Writing_Places (writing
places), Trs_Desk(Teachers Desk), Trs_Chair( Teachers
Chair), Blackboard, Cupboard, Whiteboard, Eng_TxtBks(
English  Textbooks), Maths_ TxtBks (Mathematics
Textbooks),  Sci_  TxtBks(  Science  Textbooks),
SStud_TxtBks ( Social Studies Textbooks), MTrn( Male
Trained Teachers), FTrn( Female Trained teachers ) and
ClassRms( Classrooms. All these are numeric variables. For
the challenges, the variables are; MUntrn (Male Untrained
teachers), FUntrn(Female Untrained teachers), MajRprs
(classrooms needing major repairs), MinRprs (Classrooms
needing minor repairs) and the dropout for all the years of
study by sex.

3.5 Exploring the Data

Next, after knowing the data sets was the exploration of
the data to have a feel of the likely direction and the results
that may be realized. A summary of the data in the form of
totals, averages, and minimum and maximum values was
calculated for the numeric values. Simple graphs were also
generated to have a pictorial view of the problem. The
qualitative data, which is made up of text, was thoroughly
proofread to identify errors and correct them. This was done
to ensure the meaning of the statements was improved for
better analysis.

3.6 Model Selection, Training and Evaluation

Nine classification algorithms were selected and used to
analyze the training and test data sets to enhance maximum
efficiency. As shown in table 1, the results of the algorithm
with the highest efficiency are used. The algorithms used are;
GLM, NB, LR, DL, DT, FLM, GBT, RF, and SVM. These
algorithms are available in rapid miner studio 9.10. GBT was
selected as the data mining algorithm for classification,
which is suitable for the nature of the data. The training data
set was used in training the model after the selection. It was
done with all features available in the model using the
classification algorithms. It was done to identify the most
efficient model and use the features selected accurately. A
comparison of the models is made to know the models with
higher performance regarding the features selected. Six
performance metrics were used in each model to compare
with the others. They are the accuracy, receiver operating
characteristics area under the curve (ROC-AUC), specificity,
the F-measure, sensitivity, and precision. The result is
presented in Table 2.

Table 2. Summary of the Performance of the Explored Algorithm

Metrics Classification Algorithms Used
used NB GLM LR FLM DL DT RF GBT SVM
Accuracy 81.9 84.5 83.2 77.9 84.2 84.0 83.2 84.5 80.8
AUC 89.7 91.6 90.8 77.4 90.4 89.0 90.0 91.5 88.0
Precision 87.1 85.3 86.1 78.6 86.7 84.9 88.0 85.3 82.1
F-measure 87.5 89.0 87.8 85.0 88.5 88.6 87.5 89.0 86.6
Sensitivity 93.6 93.0 89.6 92.5 90.5 92.8 87.1 93.1 91.5
Specificity 57.5 66.8 70.1 47.7 715 65.9 74.9 66.4 58.4

Table 3. Gradient Boosted Tree Performance Results for the
Classification of the Data

true true class

Urban Rural precision
pred. 0
Urban 278 97 74.13%
pred. 55 594 85.3%
Rural
Class 83.48% 85.96%
recall
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Table 4. Confusion Matrix for the classification

Criterion Values Standard Deviation
Accuracy 84.5 +0.9%
AUC 91.5 +0.9%
Precision 85.3 +0.6%
F-measure 89.0 +0.9%
Sensitivity 93.1 +1.1%
Specificity 66.4 +2.8%
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4. Results and Discussion

The analyzed data is a case study of Ghanaian basic
schools. The output is displayed in graphs and tables for easy
interpretation. A summary of the performance of the
classification algorithms used is presented as evidence for the
choice of algorithm. The most efficient algorithm's detailed
results are presented in figs 4,5, 6 and 7 and in tables 3 and 4.

4.1. Data Visualization

The data was made up of 3583 records with 64
attributes. Out of these, 2385 were records from rural
schools, and the remaining 1153 were records from urban
schools. 218 of these records were from preschool, 1380
were from kindergarten, 1419 were from primary, and the
remaining 521 schools were Junior High Schools. The data
was visualized in graphical form to have a clear picture of
the nature of the problem. The resource availability in
schools was viewed from the perspective of the locality type,
and the year the school was created. This was to determine if
urban schools are more resources than rural schools or vice
versa. The year a school is created was also considered to
know if resource distribution is affected by the year of
creation (old schools or recently created schools). The school
level was also supposed to know if that affected the problem.
Figures 2 and 3 are graphical representations of the results.

4.1.1. Resource Availability and Distribution

Fig 2 shows the average resource availability in schools
based on the locality. Sitting and writing places of the
learners are the major resources identified for two classes,
rural and urban. The two major resources are sitting places
and writing places. In fig 3, the average resource availability
by level is presented. The major resources are still the sitting
and writing places.

120 m Sitting_Places
= writing_Places
100 Trs_Desk
Trs_Chairs
80 m BlackBoard
® Cupboard
60 ® WhiteBoard
mEng_TxtBks
40 m Maths_Txtbks
m Sci_TxtBks
m Sstud_TxtBks
20 || || mMTrn
®FTrm
0 L. R UraAiha ClassRms

Rural Urban

Fig. 2 Graphical Representation of the Available Resources in Schools
by Locality Type
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Trs_Desk
600 Trs_Chairs
500 m BlackBoard
m Cupboard
400 = WhiteBoard
® Eng_TxtBks
300
®m Maths_Txtbks
200 m Sci_TxtBks
m Sstud_TxtBks
100
EMTrn
0 =FTrn
Kindergarteen Primary JHS ClassRms

Fig. 3 Average Resource Availability in schools by the level of
Education

4.1.2. Classification Algorithm Results

3000
2385
2000
1153
1000 .
0
Rural Urban

® Number of Schools

Fig. 4 Graphical Representation of the Rural and Urban Classes of the
Schools.

4.2. Exploratory Results

The quest to get the most efficient algorithm to describe
the data accurately lured the researchers to explore the
classification algorithms available in Rapid Miner Studio
9.10. Nine classification algorithms were explored to analyze
the data. These are; GLM, NB, LR, DL, DT, FLM, GBT, RF
and SVM, as presented in table 2. From the overview of the
data, the total enrolment of pupils at all levels of BE is
494579 for both urban and rural schools. Teachers handling
these pupils are 16861 for both trained and untrained
teachers. Classrooms to accommodate these learners totalled
11026. This means the pupil-classroom ratio is 45 pupils in a
class. Sitting places for the learners totalled 231228 which
means over 263351 of the learners do not have places to sit.
This constitutes 53.25% of the learners. Writing places for
the learners totalled 206157, serving only 41.68% of learners
in school. The remaining 58.31% do not have places to do
the writing.
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Also, this means over 57194 learners sit to listen to the
teacher but cannot write because there is no place for them.
For the aspect of teacher sitting places and writing places, a
total of 6408 desks and 9464 chairs are available to serve the
16861 teachers. This means more than 50% of teachers do
not have access to desks and chairs in the classroom.
Classroom learning materials such as blackboard and
whiteboard are 9661 and 1911, respectively. This totalled
11572, sufficient for the 11026 classrooms if distributed
equally. Only 4631 cupboards are available for the 11026
classrooms. This is woefully inadequate for storing the
learning materials. For the aspect of reading materials,
English language, mathematics, science, and social studies
recorded 41002, 43798, 29670, and 18105, respectively. This
is inadequate for the total enrolment of 494579 learners at all
levels. Sitting places are the major resource in basic schools.
This will therefore be used for the prediction of endowed and
deprived schools.

4.2.1. Clustering

After the various classes of urban and rural schools were
identified, the further grouping of the schools into endowed
and well-endowed schools was necessary. This was to
identify schools with relatively available resources. The
initial grouping was done to know the generally endowed
and deprived schools without considering rural or urban.
Two clusters were identified in this; cluster 0 for the
deprived schools and cluster_1 for the endowed schools by
using the sitting places as primary resource determined.
Using the k-Means clustering algorithm, Cluster 0 showed
3152 while cluster_1 showed 386. Averages were used to
indicate the schools with sitting places available for the
learners. This was done by comparing the available sitting
places to the enrolment.

4.2.2. Clustering for Rural

For the class of rural schools, x-means clustering is used
to group the schools into two major groups: rural endowed
and rural deprived. Cluster O is for the rural deprived, and
cluster 1 is for the rural endowed. Figure 5 shows the
summary of the clustering. Sitting places were a major
resource identified separating the rural endowed from the
rural deprived.

Cluster 01z Cluster 1 ey

) 250 D 20 200 . 750 1.000 1.25_0 1500 1780
Fig. 5 Graphical Representation of general Clustering of the schools
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Fig. 6 X-Means Centroid Chart for Rural Deprived and Endowed

Schools.
250
200
150
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0
SLQ Oé% q,%&&% ~§’°‘§b Q&& 4\& Q\(b& %90 4 @?6%\8’&& ‘l\‘b&%
& &S &Y
e CUSter 0 cluster 1

Fig. 7 x-means centroid chart for urban endowed and urban deprived
schools.

4.2.3. Clustering of Urban Data

This data was also grouped into two major categories
following the same criteria in clustering the rural schools.
Two major classes (urban endowed and urban deprived) were
identified—cluster O for the urban deprived and cluster 1 for
the rural deprived. Figure 8 shows the summary of the
results.

4.3. Challenges at the Various Levels of Education
Enrolment of children of school-going ages keeps
increasing, but a significant number of these children are not
in school. Resources available for those in schools are
inadequate, especially in the rural deprived schools.
Inadequate professional teachers, inadequate sitting and
writing places, inadequate reading materials, etc., are the
major challenges of BE. These challenges are noticed in
every report on BE every year. For decades in collecting and
analyzing data by the MoE, this problem is not solved,
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leading to low pass rates, which affect the quality of
education. The poor quality affects the entrants to the next
level of education. A report from a director-general has the
information below.

“The basic education system is challenged in access and
participation, which affect quality. As a result of the
inconveniences learners go through due to unfriendly
learning environments, girls' enrolment is very low in
schools. The poor enrolment of girls affects the gender parity
index, and the unfriendly school environment affects the
learning outcomes. The inadequate sitting and writing
places, inadequate reading materials and low teacher
availability in schools affect the quality of pedagogy in
primary schools. As Ghana abolished the payment of school
fees, schools solely depend on the government for support,
and there is low parental participation” The challenges of
Senior High Schools in Ghana start from low enrolment due
to inadequate space and low pass rates for the Basic School
leavers. Educational resources are relatively lower at this
level than at the Basic level. Access to senior high school
education was very low in Ghana due to the high cost and
low accessibility. The inability to absorb all the basic school
graduates leads to dropout. However, the government of
Ghana has now made senior high school education free in the
country. Despite the intervention takes, the challenges have
increased as more students are now enrolled to compete with
the inadequate resources available in the insufficient senior
high schools in the country. This has compelled the
government to order senior high schools to run tracks and
operate on a semester basis in other to enhance resource
sharing. The sharing of resources has enhanced more
utilization of seating and writing places, giving each student
access to a seating and writing place in the school. The
statement below is an extract from the reports

"There are redundant learning resources as a result of
the change in curriculum and change in educational policies.
Student-textbook ratios have reduced drastically since the
2011/12 academic vyear, reaching 0.5 in the 2016/17
academic year for math, and textbook production is often
delayed. The challenge keeps appalling since enrolments
increase yearly and learning materials are unavailable. The
need to increase infrastructure to cater for learners is also a
major problem since student congestion in the class is
becoming a norm. This happens without a corresponding
increase in the number of teachers and without building the
capacity of already existing teachers. The effect of this on
learning outcomes shows a poor pass rate. Rural deprived
schools are the most affected.” These institutions are not
common in Ghana, and the enrolment is the lowest compared
to other levels. Until recently, it was not attractive due to
many students' misconceptions about it. It was perceived that
students who do not pass well attend such schools. The
requirement of practical based training and the use of
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expensive tools discouraged some students from attending
such schools.

However, unemployment challenges are now making it
attractive as students have realized the need to have the skills
to be self-employed. Ghana's government has also attempted
to increase access by providing more schools and including
some of the technical and vocational institutions in the Free
Senior High School Programme (FSHSP). Below is a
comment from the reports. “Access in technical and
vocational schools has increased as a result of government
commitment to make this level attractive to learners;
infrastructure has been increased to cater for more students,
and laboratories are provided for practical learning. This,
however, is still constrained by low public perceptions: there
is a lukewarm attitude towards technical schools. Female
participation in this level is very low, and they are usually
clustered in handy works such as dressmaking, hairdressing
etc. Modification of the curriculum of this level is necessary
to produce graduates who will solve problems in the
Ghanaian economy.

The universities in Ghana are not adequate to absorb all
graduates of the Senior High Schools and the Vocational and
Technical institutions. Public regular universities are
currently nine (9), and ten (10) polytechnics have been
upgraded to technical universities. Distance education and
sandwich programs have been mounted in all public
universities. All these measures are to increase access to
tertiary education. Public universities' attempt to increase
access has resulted in a larger number of students in lecture
halls, making it difficult for lecturers to use the appropriate
teaching methodologies to teach. "Regarding quality, the
recommended student-teacher ratio and the student-
classroom ratio are appalling in the public schools. Except
for the sciences, there is congestion in the lecture halls, and
a lecturer is compelled to use the lecture delivery method to
meet the content and time. Even with this challenge, less than
40% of the lecturers have the minimum qualification to teach
at the tertiary level. This is worst in rural deprived
universities. On average, a lecturer meets only 0.5 required
publications for a year. This means research is a major
problem. Also, no Ghanaian university has ever been ranked
best in the African continent.” 1t is clear from the reports that
quality education is a major issue in Ghana. This, however, is
cyclical rotating among all levels. Success in the form of
quality basic education is leveraged to achieve the success of
quality pre-tertiary education, which is also leveraged to
achieve the success of quality tertiary education. Qualified
tertiary education graduates are the teachers to improve the
quality of teaching and learning in basic schools. Fig 8 is a
diagram representing the relationship between the levels of
education in achieving quality education. Fig 9 is a neural
network diagram for the challenges and solutions to enhance
quality education.
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Fig. 8 The Interoperability of Quality Education among Different
Levels.

4.4. Critical Issues

It is clear from the results of the analysis that
educational resources are not fairly distributed among rural
and urban schools. Further discrimination of both rural and
urban schools creates segregation of endowed and deprived
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schools. This clearly shows that not all schools have the
available resources for effective teaching and learning.

National assessment of learners for promotion to the
next level, however, does not discriminate among the schools
putting the deprived schools at a disadvantage. Significant
among the resources is the sitting and writing places. This is
woefully inadequate as most schools do not have enough of
these resources to cater to all learners. An unfriendly learning
environment is an effect, and poor performance will be the
result. Rural schools are the most affected by discrimination,
and deprived schools are the worst. For two decades and
beyond, these challenges are affecting the quality of
education in the country. As indicated in [4], many
governments have come and gone, but the problems persist.
Ghana needs policy stability to help in improving the
education sector. Fluctuations in educational policies confuse
the system and affect the allocation of resources to schools.
The political transition of leadership in Ghana has been very
smooth since Ghana moved to the fourth republic. However,

this peaceful transition of power does not go with stable
educational policies.
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Urban schools in Ghana are densely populated with
higher enrolments making it too competitive for the
resources available. The congestion in the classrooms puts
pressure on the infrastructure and the available teaching and
learning materials. Multiple streams characterize some urban
schools for a level due to the higher enrolments. In some
cases, the schools are compelled to run shift systems. Though
urban schools have relatively higher resources compared to
rural schools, the higher enrolments result in a higher pupil-
teacher ratio and pupil-classroom ratio as well as a pupil-
textbook ratio which negatively affects quality teaching and
learning.

Low enrolments characterize rural schools due to the
lower population of the areas. Poor infrastructural facilities
and Teaching and learning materials negatively affect the
quality of teaching and learning. Qualified teachers in rural
schools are relatively few as compared to urban schools. This
creates room for most unqualified teachers in rural schools
since they lack qualified teachers. Due to the lower
populations, pupils and teachers are compelled to travel a
reasonable distance to schools closer to them. This puts
stress on both the teacher and the pupils. Using a case study
as in [2], [3] does not identify the challenges and needs of
BE in Ghana. With the use of classification algorithms, the
attributes of educational data which spell out the challenges
and solutions to the education problem are accurately
identified. Various levels of basic education with their
associated needs have been identified. Data mining
techniques have been used to identify and train a model
which can assist in predicting and planning for the
educational resources in a country. The feature selection has
been used to accurately pick the relevant attributes that can
improve a country's education quality. The results have been
presented in the form of tables and graphs regarding the
various levels of education and the challenges and needs
associated with them.

4.5. Theoretical Contribution and Implications

Already existing literature on identifying education
challenges and getting sustainable solutions did not use
appropriate tools and techniques to address the problem. The
use of tables and graphs with illustrations and reporting in
the form of a case study to identify the challenges of
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