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Abstract

Choosing between Science, Business Studies, and

Humanities is, for a thirteen-year-old in Bangladesh, a

decision with outsized consequences—one that, more

often than not, is still made on the basis of prior exam

results, family expectations, or the lingering prestige

attached to the Science stream. This review-style study

examines an attempt to bring something more systematic

to that process: a machine learning–based decision

support system trained on data from 364 students across

t h r e e  i n s t i t u t i o n s .  T w e l v e  r e l a t i v e l y  s i m p l e

attributes—covering academic history, study habits, and

personal preferences such as feared subjects or

hobbies—were fed into three classifiers: Naïve Bayes,

Sequential Minimal Optimization, and Random Forest. The

results were, perhaps unsurprisingly, modest but

encouraging: Random Forest edged ahead with 84.9%

accuracy, followed closely by Naïve Bayes (82.76%) and

SMO (80.88%), figures that compare reasonably against

prior career-prediction work despite the considerably

smaller dataset. What stands out is less the headline

number than the underlying argument—that even a

handful of easily collectible, non-academic indicators can

meaningfully supplement (not replace) the guidance

students currently receive. Whether this constitutes a

genuine step toward more equitable, individualized stream
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allocation, or simply a promising proof of concept awaiting

larger and more diverse data, remains an open question

this paper invites readers to weigh for themselves.
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I. Introduction

Bangladesh's Secondary School Certificate (SSC)

examination remains one of the most consequential

milestones in a student's academic life, and yet its

outcomes continue to raise concern. The pass rate for the

2022 SSC examination stood at 89.20% (The Daily Star,

2019), a figure that, while seemingly respectable, masks a

troubling undercurrent: in 2023, forty-eight institutions

recorded a 0% pass rate, up from a still-alarming 109 in

2021 (Kolorob, 2020). Numbers like these are not just

statistics—they represent thousands of students whose

academic trajectories may have been derailed, perhaps

avoidably, at a relatively early stage. It is this gap between

aggregate success and pockets of near-total failure that

motivates the present study, though the underlying causes

are, admittedly, more tangled than any single explanation
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can capture.

One contributing factor—perhaps among several—is the

group selection process that occurs at the transition from

grade eight to grade nine. At this juncture, students in

Bangladesh must choose among three broad academic

streams: Science, Business Studies, and Humanities

(Kolorob, 2020). The Science stream emphasizes physics,

chemistry, biology, and advanced mathematics; Business

Studies covers accounting, finance and banking, and

entrepreneurship; and Humanit ies encompasses

sociology, geography, history, civics, and economics. This

decision, made by adolescents who are often only thirteen

or fourteen years old, tends to shape—sometimes

irrevocably—the course of their subsequent education

and, by extension, their career options. Yet many students

approach this choice with limited guidance, relying on peer

influence, parental preference, or social prestige rather

than any grounded assessment of their own aptitudes and

interests. The resulting mismatch between student and

stream may well be one of the quieter contributors to the

failure rates noted above, though establishing this link

empirically is part of what this study hopes to do.

Could a data-driven approach help here? There is growing

reason to think so. Educational Data Mining (EDM) and

machine learning have, over the past decade or so, been

applied with increasing sophistication to a range of

pedagogical problems—predicting course failure (Guo et

al., 2019; Pedro et al., 2013), forecasting dropout (Sara et

al., 2015; Verma & Illés, 2019), and more (Romero &

Ventura, 2010). Hussain et al. (2019), for instance, used

internal assessment data from over ten thousand students

and achieved a classification accuracy exceeding 95%

using deep learning techniques. Delen (2010), working

with a five-year institutional dataset of over sixteen

thousand students, demonstrated that data mining

methods could predict freshman attrition with roughly 80%

accuracy—a result that, at the time, was considered fairly

compelling.

Career and stream prediction specifically has also

received some attention, albeit less than one might expect

given its importance. Nazareno et al. (2019) applied an

artificial neural network to predict career paths from

grades in five core subjects, reporting an accuracy of

about 74%—respectable, though leaving considerable

room for improvement. Bartnick et al. (1985), in an older

but stil l-cited study, examined how psychological

inventories could anticipate medical students' career

choices, while Ade and Deshmukh (2014) and Roy et al.

(2018) explored ensemble and advanced machine

learning techniques for similar predict ion tasks.

Lichtenberger and George-Jackson (2013) took a slightly

different angle, using binary logistic regression on a

dataset of 2,700 students to examine how individual,

family, and school-level factors influenced students'

likelihood of pursuing STEM fields after secondary school.

Other work has addressed academic performance

prediction more broadly (Saa, 2016; Kumar & Salal, 2019)

and the factors influencing it (Ramesh et al., 2012).

What is notably absent from this body of work,

however—at least as far as we have been able to

determine—is any system tailored to the specific context

of Bangladeshi secondary education, where the

Science/Business Studies/Humanities decision carries

such outsized weight. The techniques that underpin many

of these prior studies—data mining concepts (Han, Pei, &

Kamber, 2011), missing-data imputation (Eekhout, 2019),

naive Bayes classification (Langley et al., 1992; Taheri &

Mammadov, 2013), support vector machines (Platt, 1998),

random forests (Breiman, 2001), and ensemble bagging

methods (Hakim et al., 2019)—offer a promising toolkit. It

is this toolkit, applied to a problem that has so far gone

largely unaddressed, that this study sets out to explore.

The objectives, broadly, are to collect real-world data from

Bangladeshi institutions and online sources, develop a

predictive model for stream selection, and evaluate its

performance using multiple metrics—an admittedly

ambitious agenda, but one that seems worth attempting

given the stakes involved.

2. Methodology

2.1. Dataset & Features

In my research, data were needed from those students

who have already passed secondary and higher

secondary education level. Because from those students,

it is possible to know after choosing groups in secondary

level, whether they were compatible with their groups or

not. Dataset was collected from different educational

institutions but now one in Bangladesh. This is: New

Model Degree College, Dhaka. This dataset contains total

364 instances with 12 important features and one class

attribute. Fig 2 shows the amount of the data of different

groups in percentage. A complete list of attributes

obtained from the student databases is given in Table 1.

The data were collected in a manner that all the data of
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the attr ibutes could be in nominal form. Overall

methodology of this system is shown in Fig 1. All the steps

are described below:

2.2. Data Pre-processing

Real world raw data are highly susceptible to noise,

missing or inconsistent due to their huge sizes and their

multiple as well as heterogeneous sources of origin. Low

quality data leads to lower accuracy in mining results. As

mentioned earlier, for constructing this model, we need

data from those students who are considered as standard

students to their respective groups according to their

performance. For this, the data of those students were

eliminated who had changed their groups in higher

secondary level. Changes in secondary and higher

secondary attendance percentages have also been

examined. However, it has been discovered that variations

in attendance have little affect on students' performance,

while attendance in class 8 has a slight influence on

defining students' attentiveness capability. In certain

cases, there were also extremely few missing values.

“Most Frequent” was used to solve the problem of missing

values. Most Frequent is a method that replaces the

missing value on a certain characteristic with the most

frequent value of the available cases. Table 2 displays the

number of incidences by group.

2.3. Model Building Phase

Fig 1 shows the workflow of predicting groups (Science,

Humanities and Arts). We have divided total workflow into

three major steps. Data are collected and pre-processed.

Classification process is done by applying three machine

learning algorithms namely Naïve Bayes, Sequential

Minimal Optimization (SMO) and Random Forest and

performances are evaluated.

2.4. Classification Using Machine Learning Method

1) Naïve Bayes Classifier: The Naïve Bayes (NB) classifier

is based on the assumption that each feature has only the

class as a parent. It is commonly util ized in the

classification sector due to its speed, efficacy, and simple

construction. It is also useful for high-dimensional data

because all properties are probability-independent. That

is, the likelihood of one attribute has no effect on the

probabilities of others. The concepts of the Bayesian

theorem are applied by Naïve Bayes. Let X represent the

type of observation y. The highest posterior probability of

predicting the class of the observation y using the Bayes

rule,

P(X|Y) = P(X|y)P(y) / P(X)  ………(1)

Here X is given as,

X = (x1, x2, x3, …, xn)  ………(2)

x1, x2, x3 … can be defined as different features. By

giving these features to the actual equation, the Bayesian

equation is,

P(y|x1,x2,…,xn) = P(x1|y)P(x2|y)…P(xn|y)P(y) /

P(x1)P(x2)…P(xn)  ………(3)

For all entries, the denominator is static and can be

removed. So a proportionality can be introduced to the

Bayesian theorem,

P(y|x1,x2,…,xn)  P(y)  P(xi|y)  ………(4)

From this proportionality, y can be identified where class

variable has only two outcomes. But in case of multiclass

problems, it is needed to find the maximum of probability

of y.

y = argmax P(y)  P(xi|y)  ………(5)

From the above equation, anyone can find the class (y)

with the highest probability.

2) SMO: I have imposed Sequential Minimal Optimization,

or SMO in our system due to less memory and time

consuming issues. The solution of a very large quadratic

programming (QP) optimization problem is required by the

training phase of Support Vector Machine (SVM). This

large QP problem is divided into a series of smallest

possible QP problems that makes it 1000 times faster than

SVM. Due to less memory consumption it can handle

large training set.

3) Random Forest: This is a supervised technique that

builds many trees and then mixes them to improve

accuracy. This approach can be used for both

classification and regression. During this process, random

data samples are used to generate several decision trees.

Each tree is then used to make predictions or make

judgments. Random forest makes a conclusion or

prediction based on a majority vote over the predictions of

individual trees.

2.5. Classification Performance Evaluation

Four evaluation metrics are used to evaluate our proposed

classification model (Hakim et al., 2019). The performance
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Figure 1. Schematic workflow of the proposed machine learning–based decision support system. The pipeline comprises three

sequential stages: (1) collection of historical student data, (2) data preprocessing (including missing-value imputation using the most-

frequent-value method), and (3) classification using three machine learning algorithms—Naïve Bayes, Sequential Minimal

Optimization (SMO), and Random Forest—followed by performance evaluation and stream prediction.

Figure 2. Distribution of academic stream enrollment within the study dataset (N = 364). Science accounted for 40% (n = 142),

Business Studies for 44% (n = 161), and Humanities for 16% (n = 61) of the sample, highlighting the class imbalance discussed in the

Results and Limitations sections.
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Figure 3. Comparative performance of the three classification algorithms—Random Forest, Naïve Bayes, and SMO—evaluated using

four standard metrics: accuracy, sensitivity (recall), precision, and F1-score (defined in Eqs. 6–9). Values are percentages obtained

via 10-fold cross-validation on a 70/30 train–test split. Random Forest achieved the highest scores across all four metrics (accuracy =

84.9%, sensitivity = 84.6%, precision = 84.9%, F1-score = 84.3%), followed closely by Naïve Bayes and SMO.



 

evaluation metrics are demonstrated as follows:

Accuracy = (TP + TN) / (TP + FN + FP + TN)  …(6)

Recall = TP / (TP + FN)  …(7)

Precision = TP / (TP + FP)  …(8)

F1 Score = 2 * (Precision * Sensitivity) / (Precision +

Sensitivity)  …(9)

Where, TP, FP, FN and TN represent True Positive, False

Positive, False Negative and True Negative respectively.

3. Result & Discussion

Before turning to the numbers themselves, it is worth

recalling what exactly was being fed into the three

classifiers. The twelve attributes listed in Table 1—ranging

from fairly mundane items such as roll number in class 8

to more behaviourally revealing ones like hobby, favourite

indoor game, study time, and the subject a student feared

most—were used as predictors, with the final stream

(Science, Business Studies, or Humanities) serving as the

class label. Table 2 shows how these 364 records were

distributed across the three groups: 142 in Science, 161 in

Business Studies, and only 61 in Humanities. That

imbalance is not trivial, and we will return to it shortly. The

dataset was split 70/30 for training and testing, and 10-fold

cross-validation was layered on top of that to get a more

stable read on accuracy, since with a sample this size a

single train-test split could easily have been a lucky—or

unlucky—draw.

As for the headline figures: Random Forest came out on

top with an accuracy of 84.9%, ahead of Naïve Bayes at

82.76% and SMO at 80.88%. None of these are dramatic

gaps—roughly two to four percentage points separate the

best from the worst—but the ordering held up consistently

enough across the cross-validation folds that it seems

reasonable to call Random Forest the stronger performer

here, at least for this particular dataset. Figure 3 lays out

the comparison across the additional evaluation metrics

(precision, recall, and F1, as defined in equations 6–9),

and the pattern there largely mirrors the accuracy story:

Random Forest edges ahead on most of the metrics

shown, though not by a wide margin, and Naïve Bayes in

particular trails only slightly behind despite its much

simpler, conditional-independence-based design.

How does this compare with what others have found? Not

as favourably as one might hope, at first glance. Hussain

et al. (2019) reported classification accuracies above 95%

using deep learning on a dataset of more than ten

thousand students, and Delen (2010) achieved roughly

80% accuracy in predicting freshman attrition—though that

was working with over sixteen thousand records collected

across five years. Set against those numbers, 84.9% on

364 instances might look almost unremarkable, or perhaps

even suspiciously high given the sample size. But the

comparison is not entirely fair, since those studies were

addressing different prediction tasks with vastly larger

datasets, and the present study is constrained by the

practical difficulty of locating Bangladeshi students whose

stream choice and subsequent outcomes could both be

tracked. Against the career-and-stream-prediction

literature specifically, the result looks somewhat better:

Nazareno et al. (2019), using an artificial neural network

on grades in five subjects, reported around 74% accuracy,

which our Random Forest model exceeds by roughly ten

percentage points—though again, the underlying

populations and feature sets differ enough that this should

be read as a loose benchmark rather than a direct

comparison.

Why might Random Forest have come out ahead, even if

only narrowly? The most obvious explanation lies in its

design: by building an ensemble of decision trees over

randomly sampled subsets of the data and then

aggregating their votes (Breiman, 2001), it tends to be

more forgiving of the kind of noisy, nominal, survey-

derived attributes that make up this dataset—hobby,

favourite subject, feared subject, and so on—than a single

model would be. The bagging-style averaging that

underlies Random Forest, similar in spirit to the modified

bagging approach described by Hakim et al. (2019),

seems to smooth over some of the idiosyncrasies in

individual responses. SMO, by contrast, was included

largely for its computational efficiency—Platt (1998)

designed it to break a large quadratic programming

problem into much smaller, faster sub-problems—and that

efficiency does not appear to have translated into a higher

accuracy here, though it remained reasonably competitive

at just under 81%. Naïve Bayes, despite resting on the

rather strong (and arguably unrealistic) assumption of

conditional independence among the twelve features,

performed almost as well as Random Forest, which is

perhaps a little surprising, though not unprecedented;

Langley et al. (1992) and Taheri and Mammadov (2013)

have both noted that the classifier often performs better in

practice than its simplifying assumptions would suggest.
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Table 1. Description of the twelve input attributes and the class label used to train the stream-selection classifiers. All variables were

recorded in nominal form and derived from students' academic history (Class 8), study habits, and personal preferences. pref_group

and group denote the student's originally preferred stream and the stream actually completed (class label), respectively; the remaining

ten attributes served as predictors.

Table 2. Distribution of the 364 student records across the three target classes (academic streams), illustrating the class imbalance

addressed in the Discussion and Limitations sections (Science, n = 142; Business Studies, n = 161; Humanities, n = 61).

SL No. Name of the attributes Description

1 pref_group The group that the student wanted to study in

2 roll_class8 Roll number in class 8

3 hobby Hobby that the student often do in school life

4 favindoor_game Favorite indoor game during school life

5 play_time_class8 How much time the student used to spend
playing when he/she was in class 8

6 study_time_class8 How much time the student used to spend
studying when he/she was in class 8

7 ans_method

Whether he/she preferred to answer question
in exam by memorizing answers or by writing
on his own knowledge. This was for
understanding a student’s thinking or
memorizing capability.

8 fav_subj_class8 The subject in which the student was fluent in

9 Co_curricular Which type of co-curricular activities the
student engage himself most in school life

10 attendance_class8 How much attendance did the student has in
class 8

11 feared_subj_class8 The subject that the student feared most in
class 8

12 group The group that the student finally studied. This
is the class attribute in both datasets.

Groups Number of Instances

Science 142

Business Studies 161

Humanities 61
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A few caveats seem worth raising, even at the risk of

undercutting the headline result somewhat. The class

imbalance visible in Table 2—and again in the proportional

breakdown shown in Fig. 2—means that Humanities, with

only 61 instances against 161 for Business Studies and

142 for Science, is comparatively under-represented. It is

not hard to imagine that this skews the models toward

predicting the more populous groups, and an accuracy

figure averaged across all three streams could be masking

weaker performance specifically on Humanities cases; the

precision and recall breakdowns in Fig. 3 hint at this but

do not, on their own, settle the question. Sample size is

the other obvious limitation: 364 students from what is

described as essentially one institution (New Model

Degree College, Dhaka) is a modest foundation on which

to build claims about Bangladeshi students more broadly,

however encouraging the cross-validated numbers might

look. None of this is meant to dismiss the result—an

84.9% accuracy from twelve relatively simple, easily

collectible attributes is still a meaningful signal, and

arguably more actionable than the purely results-based

heuristics described in the introduction (Kolorob, 2020)

that currently dominate group-selection decisions in

Bangladesh.

Taken together, then, the results offer a cautiously positive

answer to the question posed in the introduction: yes, a

handful  of  features col lected through a simple

questionnaire—attendance patterns, study habits, feared

subjects, and the like—do appear to carry enough signal

to predict, with reasonable though imperfect accuracy,

which stream a student is likely to thrive in. Whether

84.9% is “good enough” probably depends on what the

model is meant to do. As a hard gatekeeping mechanism,

it almost certainly is not; nearly one in six predictions

would be wrong, after all. But as one input among

several—a decision-support nudge offered alongside

guidance counsellors, parents, and the students

themselves—it seems plausible that even this level of

accuracy could help surface mismatches that might

otherwise go unnoticed until results, as outlined in the

workflow in Fig. 1, start to disappoint.

4. Limitations

For all its promise, the study rests on a fairly narrow

foundation. The dataset—364 students drawn largely from

a single institution, New Model Degree College—is small

by the standards of educational data mining, where

comparable studies have worked with ten thousand or

more records; this naturally raises questions about how far

the 84.9% accuracy figure would travel beyond this

particular sample. There's also the matter of class

imbalance: Humanities accounts for only 61 of the 364

instances, against 142 for Science and 161 for Business

Studies, which may quietly bias the models toward the

more populous streams without this being obvious from

accuracy alone. The twelve predictive attributes, while

practical and easy to collect, are largely self-reported and

nominal in nature—hobbies, feared subjects, and similar

items—introducing a degree of subjectivity that's difficult to

fully account for. And the model remains, at this stage, a

prototype rather than a deployed system tested in real

decision-making contexts.

5. Conclusion

Taken as a whole, this study offers a cautiously optimistic

case for rethinking how Bangladeshi students choose their

academic stream. Random Forest's modest edge over

Naïve Bayes and SMO suggests that ensemble methods

handle this kind of noisy, survey-derived data somewhat

more gracefully, though none of the three models

performed so poorly as to be dismissed outright. More

importantly, the broader message—that twelve accessible,

non-results-based attributes carry meaningful predictive

signal—seems worth taking seriously, even if 84.9%

accuracy falls short of a standalone gatekeeping tool. As a

supplementary input alongside counsellors and parents, it

may help surface mismatches earlier, provided future work

addresses the sample size and imbalance concerns

honestly.
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