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Abstract. In the era of fast industrialization and urbanization manufacturing sectors need so-
phisticated automation to guarantee effective production monitoring and cost estimation. This
work presents a Python-based graphical user interface (GUI) using multiple linear regression
(MLR) in machine learning to maximize decision-making in industrial production. To precisely
forecast production quantity (PQ), unit production cost (PC), total PC per item, and total manu-
facturing expenses on a fixed profit margin (PM) set up by the industry, the proposed approach
incorporates theoretical assumption data nominated as modified synthetic dataset (MSD) of pro-
portional industrial variables based on the economics of industrial operation. Embedded with a
GUI, the suggested Python-based computational model provides high-accuracy production pre-
diction and real-time cost estimation. Precise predictions are ensured by MSD of experimental
data showing an exceedingly low mean square error (MSE) of 1.210139x1072* and coefficient of
determination (R?) values close to 1.0. Moreover, a significant comparison of comparable ma-
chine learning (ML) techniques, featuring a combination of linear, regularized, kernel-based, and
ensemble learning methods, was conducted on the same platform to assess the proposed MLR
model as the optimal choice. By lowering hand computations and errors, this automated approach
greatly improves manufacturing cost estimation and planning. For cost engineers and production
managers, the GUI is a useful tool since it helps enable complex industrial decision-making and
resource control in a very straightforward way. The results of this study show that the suggested
GUI model is a dependable and useful tool for contemporary industrial sectors, therefore pro-
moting better operational efficiency and cost-effectiveness in the case of the modern manufac-
turing sector.

Keywords: Manufacturing automation; multiple linear regression; Machine learning; Produc-

tion cost estimation; GUI-based prediction; Industrial decision-making.

1 Introduction

The fast changes in modern manufacturing systems that come with Industry 4.0 have
changed how people plan industrial production, estimate costs, and make decisions about
how to run a business. Industries can now look at a lot of manufacturing data thanks to



advanced technologies like machine learning, big data analytics, and cyber-physical
systems. This helps them make their operations more efficient and cut costs. Being able
to accurately predict production output and manufacturing cost is especially important
for staying competitive in global markets because it has a direct impact on pricing
strategies, supply chain planning, and investment decisions. Most of the time, traditional
methods for estimating industrial costs depend on manual calculations and historical data
records, which are not always easy to find and not always accurate (Cho & Park, 2013).
As manufacturing systems get more complicated, these old methods have a hard time
capturing nonlinear relationships between different economic and production factors. As
a result, data-driven predictive methods have become important tools for making better
predictions about costs and production in today's factories (Wigcek et al., 2019;
Soleimani et al., 2023).

Recent studies have shown that machine learning algorithms can greatly improve the
accuracy of predicting production and estimating manufacturing costs. For example,
(Ning et al., 2020a) suggested a cost estimation model based on deep learning that uses
convolutional neural networks (CNN) to guess how much it will cost to make something
based on its geometric features and voxel-based representations of its parts. Their
research showed that deep learning models can find complicated links between the shape
of a part and its manufacturing cost. This makes it easier to predict how well complicated
industrial parts will work. But these kinds of methods usually need a lot of data and
computing power, which not all manufacturing companies can afford. (Ning et al.,
2020c) subsequently developed a feature-based and process-based methodology for
manufacturing cost estimation that amalgamates machining characteristics and process
parameters to enhance the accuracy of production cost assessments. The method
improved estimation accuracy, but it needs detailed feature recognition and modeling
for each process, which makes it less useful for general manufacturing situations.

Along with deep learning methods, some researchers have looked into machine
learning and statistical methods for predicting costs in engineering and manufacturing
systems. For instance, (Soleimani et al., 2023) created a machine learning framework
that uses data fusion to predict production costs in Industry 4.0 settings by combining
data from different sources. This shows how important it is to combine data from
different sources to make accurate cost predictions. Some studies have looked at
machine learning models to help with product design and figuring out how much it will
cost to make during the early stages of design. (Ma’ruf et al., 2024) put forward a
machine-learning framework that uses Artificial Neural Networks (ANN) and Support
Vector Regression (SVR) to figure out how much it will cost to design a product for
make-to-order industries using CAD features and design parameters (Ning et al., 2022).
These methods show promise for making accurate predictions, but they often depend on
detailed design data and complicated feature extraction processes that may not be
available during the early stages of production planning. Additionally, a lot of current
models need big historical datasets to work well, which is a problem for industries that
don't have a lot of data. Recent research also shows that structured datasets are necessary
for training machine learning models well. However, the fact that there aren't many
organized industrial datasets is still a big problem for research into estimating
manufacturing costs (Hennebold et al., 2022).



1.1 Related Works and Research Gap

Regardless of machine-learning-based cost estimation has come a long way (Mandolini
et al., 2024), there are still some problems with current research. A lot of methods de-
pend on complicated algorithms, like deep learning models (Ning et al., 2020b, 2020c),
even by using regression-based analysis model (Machfiroh & Maulida, 2025), some are
depend on another ML model including ensemble based models (L. Chen et al., 2025;
Machfiroh & Maulida, 2025) that need a lot of training data and are expensive to run.
Other studies mostly look at theoretical modeling and don't give businesses the tools
they need to make decisions. Also, most of the work that has already been done focuses
only on predicting costs and doesn't include predicting production, economic relation-
ships, optimization techniques (G. Zhang & Zhang, 2025) or easy-to-use computer in-
terfaces. Table 1 summarizes a few examples of studies on estimating manufacturing
costs and points out their imperfections compared to the method proposed.

Table 1. Comparison of Related Works in Manufacturing Cost Estimation.
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1.2 Contribution of the Proposed MSD-MLR-GUI System

To overcome the shortcomings found in previous research, this study introduces a Mod-
ified Synthetic Dataset (MSD)-driven Multiple Linear Regression (MLR) framework,
complemented by a graphical user interface (GUI) for forecasting industrial production
and estimating costs. The proposed approach creates structured synthetic data based on
basic industrial economic relationships between the required production quantity, mar-
ket price, and profit margin. This is different from traditional machine learning models,
which rely heavily on large historical datasets. This method makes it possible to create
predictive models even when there aren't many or any historical industrial datasets.

This work's other important contribution is that it combines the predictive model
with an interactive GUI-based industrial decision-support system. A lot of the research
that has already been done only looks at how to make algorithms, and it doesn't give
engineers or production managers any practical tools to use the model directly in real-
world industrial settings. With the proposed GUI, users can enter industrial parameters
like the number of units needed, the market price, the hours worked, and the profit
margin. They will then get instant predictions of the number of units produced, the cost
of producing each unit, and the total cost of manufacturing. The proposed system turns
complicated industrial analytics into an easy-to-use computational platform by using
statistical modeling, automated data generation, and user-friendly visualization. In ad-
dition, a prominent comparison of various machine learning techniques that are com-
parable was carried out on the same platform in order to evaluate the proposed MLR
model as the best option. This comparison included a combination of linear, regular-
ized, kernel-based, and ensemble learning tools.

The proposed MSD-MLR-GUI framework has a number of benefits over other ma-
chine-learning-based cost estimation methods:

» Reduced computational complexity through interpretable regression modeling.

» Synthetic dataset generation to overcome industrial data scarcity.

» Integrated production and cost prediction within a single analytical framework.

»  User-friendly GUI implementation for real-time industrial decision support.

These characteristics render the proposed system especially well-suited for imple-
mentation in contemporary manufacturing settings that adhere to the tenets of Industry
4.0 and smart manufacturing.



The following describes how the remainder of the paper is set up: Section 2 gives a
full explanation of the research methodology. Section 3 explores about how the
algorithm and flowchart were made and how they fit with the suggested GUI. Section 4
discusses the outcomes that come from the GUI and compares different machine
learning algorithms in a distinctive manner. Section 5 explores the platform's hardware
and software features and how the GUI user interface works. Section 6 addresses the
study's limitations and possible future directions, while Section 7 talks about the study's
wider conclusions. The authors' statement about this study is in Section 8.

2 Methodology

2.1  System Architecture and Industrial Data Modeling

The suggested approach uses a machine-learning assisted GUI to create a data-driven
framework for estimating the cost of industrial output. The technology combines
synthetic manufacturing data generation of MSD, MLR modeling, cost computation, and
visualization modules into a single decision-support system. The architecture is in line
with the Industry 4.0 model, which uses big data analytics (BDA) and predictive models
to help with planning and lowering costs in production. This kind of integration makes
it possible to estimate the cost of manufacturing in real time depending on demand,
market price, and operational time (Salman et al., 2025; Lee et al., 2015; Tao et al., 2018;
Kusiak, 2018). There are five main steps in the proposed system's overall workflow is
shown in figure 1.

i. Manufacturing Sample Dataset (e.g. MSD) generation
ii. Data preprocessing and feature construction
iii. Machine learning model development using MLR
iv. Production cost estimation and operational calculations

v. GUlI-based visualization and reporting
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Fig. 1. The five main steps in the proposed system's overall workflow.

The MSD dataset is generated to simulate large-scale manufacturing production sce-
narios, following the concept of big-data-driven modeling in Industry 4.0 systems. The
dataset contains three primary industrial variables:

®  Quantity required per day, Q.4
e  Product market price, MP
*  Production quantity per day, Q.

These parameters represent fundamental decision variables in manufacturing eco-
nomics, where production output is influenced by demand level and market price fluc-
tuations (Tao et al., 2018; Y. Zhang et al., 2017).

According to the Industry 4.0 paradigm by (Salman et al., 2025), big-data modeling
uses enormous datasets to make smart production decisions and predictive analytics
possible. So, the MSD dataset acts as big streams of industrial data to train predictive
models that can help with planning production and estimating costs.

Mathematically, the dataset, D is represented as by equation (1).

D = {9, MP®, QM 3, (1)

Where N denotes the total number of industrial samples used for training the predic-
tive model.

The synthetic dataset specified in (2) is generated using linear numerical sequences:

Qreq € [100,10000]
MP € [1,100] )
Qpro € [120,10100]



This data modeling approach enables the system to simulate large-scale industrial
production behavior and provides sufficient samples for machine learning training,
which is essential for predictive manufacturing analytics (Bertsimas & Kallus, 2020;
Kusiak, 2018) .

Variable 1
(Qreg)

Variable 2

MLR (MP)
Prediction

Variable 3

(Qpro)

Fig. 2. MSD generation process with MLR integrated general workflow.

The NumPy linspace() function makes the MSD by creating evenly spaced numbers
within a certain range. This method makes synthetic information about large-scale in-
dustrial production to train the predictive model.

1. Quantity Required Per Day (Demand)
The daily demand variable Q,..4is generated by using (3):

Qreq = linspace(100,10000,10000) 3)

This produces 10,000 uniformly distributed demand values ranging from 100 to
10,000 units per day, representing varying production requirements in an industrial
environment.

2. Product Market Price
The market price variable MP is generated as the relation in (4):

MP = linspace(100,1,10000) “)

This creates 10,000 price samples decreasing from 100 BDT to 1 BDT, simulating
dynamic market conditions where product prices vary across production scenarios.

3. Production Quantity Per Day
The production output variable Q,,,is generated using (5):

Qpro = linspace(120,10100,10000) 5)

This produces 10,000 production output values ranging from 120 to 10,100 units per
day, representing different manufacturing capacity levels corresponding to demand
variations.



The MSD generation process makes a lot of synthetic industrial data with 10,000
samples. In this data, demand, market price, and production output all change in a sys-
tematic way. This dataset is then used to train and test the Multiple Linear Regression
(MLR) model, which is used to estimate production costs. Figure 2 shows three indus-
trial parameters that are connected: Qreq, MP, and Qreq, MP. Where the Qreq and MPare
the independent input variables as X, and depending on these variables the output pro-
duction as @pro is calculated by the adoption of MLR. As the MP goes down along the
horizontal axis, the Qreq goes up. This shows that when prices go down, demand goes
up. The @pro also goes up at the same time to keep a buffer. This means that production
has to be at least 15 to 20 percent more than what is needed to deal with changes and
higher demand. This model curve shown in figure 3 shows that the price and quantity of
production are related in the opposite way. This means that there will always be more
supply than demand.

Quantity (Pics.)

Extra Deman-d-

120--%
100
80

60

40

» MP (BDT)

Fig. 3. The visual representation of the industrial correlation among the three variables.

2.2 Data Pre-Processing and Feature Construction

Data preliminary treatment is a very important stage in making predictive models in
manufacturing analytics more reliable and accurate. The proposed methodology initially
uses the Pandas framework to turn the obtained MSD dataset into structured CSV-based
industrial datasets. After that, the three datasets are combined to make the whole feature
matrix.

The input feature vector (X) is defined as by (6).

X = [Qreq'MP] (6)

while the target output variable is y in equation (7).

Yy = Qpro @)

The combined dataset as a matrix format can therefore be expressed by (8) to (9).
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To ensure impartial machine learning training and validation, the dataset is divided
into training and testing subsets using the hold-out validation technique expressed by
(10).

D= Dtrain U Dtest (10)

where
| Dtrain |= 08N: | Dtest |= 0.2N

This 80-20 data partitioning strategy is often used in predictive analytics to keep
models from overfitting and make sure they can generalize (Gray, 2002; Hastie et al.,
2009). The training dataset is used to find the regression parameters, and the testing da-
taset is used to find the accuracy of the predictions using statistical performance metrics.

2.3 Multiple Linear Regression Model for Production Prediction

The proposed system uses MLR to figure out how much to produce based on market
conditions and demand levels. MLR is a common way to use statistics to model the
relationship between a dependent variable and several independent variables (Gray,
2002; Hastie et al., 2009; Witten et al., 2011). The MLR model can be written in general
form as in (11).

v =Bo+B1x1+B2x2+€ (11)
where
e y=dependent variable
X1, X,= independent variables
o= intercept term
B, B2= regression coefficients
€= error term.

In the proposed manufacturing model, the regression equation becomes the follow-
ing format in (12). In real-world manufacturing systems, output depends on demand,
market price, machine capacity, labor availability, operational time, and efficiency. But
for the proposed predictive model, an idealized linear relation is assumed that MP is
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where demand drives most of the production output and market price is a secondary
factor remaining the others factors to be constant.

Qpro = ﬁo + ﬁlQreq + ﬁZMP te (12)

The model parameters f3y, 51, B, are estimated using the Ordinary Least Squares
(OLS) optimization technique given in (13), which minimizes the sum of squared pre-
diction errors (Gray, 2002).

. N ~
min >, (vi = 99)? (13)

where y; denotes the true or real value of the dependent variable for the i** sample
in the dataset. It comes directly from the actual dataset. And J; represents the predicted
value generated by the regression model for the i*" sample. It is calculated using the
regression equation in (14).

9 = Bo + B1QY, + BMPD (14)

The trained MLR model then predicts the daily production quantity by (15) for any
new manufacturing input parameters provided through the GUI interface.

Qpro = f(QrethP) (15)

Mean Squared Error (MSE) and the coefficient of determination (R?) are two com-
mon performance metrics used to evaluate the predictive power of regression models
in machine learning (Hastie et al., 2009; Witten et al., 2011). The difference between
the actual value and the predicted value gives the prediction error shown by (16):

error; = y; — ¥ (16)

This error is used in the MSE calculation. The MSE is defined as in (17). Where,
RMSE is the square-root of MSE.

1 o
MSE =~ 3" (v —9:)° (17)
where n is the number of testing samples.

The coefficient of determination by (18) measures the proportion of variance ex-
plained by the model.

SN2
R2 =1- M 18
Li-9)? (18)

Higher R? values (close to 1) indicate stronger predictive capability of the regression
model for production estimation.
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24 Production Cost Estimation Model

The system calculates the cost of production and the efficiency of operations for each
item after using the MLR model to predict how many items will be made each day. To
begin, the predicted daily production quantity is obtained through (19).

Qpro_day = round(@pro) (19)

The unit production cost equation in (20) is calculated based on the market price and

profit margin.
PM

Unit_PC = MP (1— m) (20)

where
e PM = desired profit margin (%)
e MP = market price per unit.

The total production cost for each product item is then computed by (21).
Total_PCitem = Qpro_aay X Unit_PC (1)

If multiple product items are processed simultaneously, the overall manufacturing
cost is obtained by summing all item costs given in (22).

m
Total PCpyy items = Z Total —PCi(tigm (22)

i=1

where m represents the number of product items entered by the user. The model also
estimates the effective hourly production rate based on active working hours that is
given in (23).

: Q day X H. .
Production Rateyy,, = ——= a3’24 active

(23)

where, H,+iye= active working hours per day.

This formulation enables manufacturing managers to evaluate production efficiency
in relation to operational time, which is essential for industrial scheduling and work-
force allocation in smart manufacturing settings (Kusiak, 2018; Lee et al., 2015).

2.5  GUI-Based Decision Support and Visualization System

The predictive model is built into a Python-based GUI made with the Tkinter frame-
work so that it can be used in real-world industrial settings. The GUI lets production
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managers enter operational parameters and get cost estimates right away. Digital man-
ufacturing and smart factory systems are using these kinds of human-machine inter-
faces extensively (Tao et al., 2018; G. Zhang & Zhang, 2025).

The GUI consists of the following functional modules:

1. Industrial Input Module
Users input the following parameters:
e  Quantity required per day
e  Market price per unit
e Active working hours
e  Profit margin
The system allows multiple product entries to simulate multi-product manufacturing
environments.
2. Prediction Engine
The trained MLR model processes the input parameters and generates the predicted
production quantity by the following relation in (24)

Qpro = f(Qreq'MP) (24)

3. Cost Calculation Engine
The system automatically calculates:
e  Unit production cost
e Total item production cost
e Hourly production rate
e  Overall production cost.
4. Visualization Module
A 3-dimensional (3D) visualization is generated to illustrate the relationship among
demand, market price, and production output. The 3D representation is defined by (25).

Z=fXY) (25)

where
X = Qreqy Y = MP,Z = Qpro

Such visualization helps decision-makers understand production dynamics under
varying market conditions, which is a key aspect of predictive manufacturing analytics
(Bertsimas & Kallus, 2020; Kusiak, 2018). The 3D illustration shows how daily de-
mand (the amount needed each day), market price, and predicted production output are
all related. Figure 4 shows how production changes with different market conditions
and levels of demand by combining the surface and scatter representations.



13

s 2 P
g g g
g g g

Production Output Level

Production Quantity Per Day (Out,
o
S
8

Fig. 4. Three-dimensional visualization showing the relationship among daily demand (quantity
required per day), market price, and production output.

5. Automated Reporting Module
The system also generates PDF-based production cost invoices containing
e production inputs,
e model performance metrics,
e  cost calculations,
e timestamped operational records.
This feature supports digital documentation and industrial record keeping, which are

important components of smart manufacturing systems (Lee et al., 2015).

3 Algorithm and Flowchart Development

3.1  Algorithm: MLR-Based Production Cost Estimation

To facilitate data-driven decision-making in contemporary manufacturing settings, an
algorithm utilizing MLR is created to estimate production output and the corresponding
production costs. Predictive models based on machine learning are now an important
part of smart manufacturing and Industry 4.0 systems. These systems use operational
data to improve production planning, cost management, and resource allocation (Lee et
al.,2015; Tao et al., 2018; Kusiak, 2018). The algorithm of MLR-based production cost
estimation has the following inputs and outputs parameters and processing steps given

in figure 5.

Input: Qreq’ MP, Hyctives PM
Output: @, Unit production cost, Total production cost, Production rate
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Generate the MSD.

Construct feature
matrix (X) and
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Display results to
the user.

margin.

Fig. 5. Step-by-step procedures of the algorithm regarding MLR-based production cost estima-
tion.

The suggested algorithm combines data generation, model training, prediction, and
cost estimation into one computing framework. First, an MSD is made to show how
things work in the real world. There are three main variables in the dataset: the amount
of product needed each day (demand), the market price of the product, and the amount
of product produced each day. These variables include both the economic and opera-
tional parts of the manufacturing process. Demand and market price are the independent
input variables, and production quantity is the target output variable. In manufacturing
analytics, similar data-driven modeling methods are widely used to find connections
between production factors and system performance (Tao et al., 2018; Y. Zhang et al.,
2017). After the dataset is made, the data are put into a feature matrix and a target vector
so that the regression model can learn. The dataset is then split into two parts: a training
set and a testing set. The split ratio is usually 80—-20. This strategy lets the model learn
how variables are related while keeping some of the data for performance testing. In
machine learning, it is common to split up datasets to make sure that models can be
used in other situations and to avoid overfitting during model development (Witten et
al., 2011). Then, the MLR model is trained using the OLS optimization method. This
method finds the best regression coefficients by making the squared difference between
predicted and actual values as small as possible. Linear regression models are widely
used in predictive analytics because they are easy to understand, easy to use, and quick
to compute (Gray, 2002). After being trained, the model can figure out how much to
make based on different levels of demand and market prices.

To check how reliable the trained model is, that are employed statistical performance
indicators like the MSE and the coefficient of determination. These metrics give us
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numbers that show how accurate our predictions are and how well our model fits the
data. To make sure that the predictive model can reliably capture the relationship be-
tween variables, performance evaluation is an important part of machine learning work-
flows (Witten et al., 2011; Hastie et al., 2009).

After checking the regression model, the algorithm moves on to the user interaction
stage. In this stage, production managers give operational inputs through the GUI. The
trained MLR model uses these inputs to guess how much will be produced each day.
The algorithm then does the necessary economic calculations to figure out the total and
unit production costs for the manufacturing process.

The algorithm not only makes numerical predictions, but it also makes visual ana-
lytical outputs to help people understand how production changes over time. A three-
dimensional image is made to show how demand, market price, and production output
are all related. Visual analytics is an important part of industrial decision-support sys-
tems because it helps engineers and production planners understand how systems work
and how they change over time (Kusiak, 2018).

The algorithm then puts together the predicted costs and production into an auto-
mated report that can be saved as a PDF-based production invoice. More and more,
automated reporting systems are being used in digital manufacturing settings to make
things more clear, easier to track, and more efficient (Lee et al., 2015; Tao et al., 2018).

The suggested algorithm gives a data-driven way to estimate production and analyze
costs by combining machine learning methods with industrial economics. The system
helps with efficient production planning and cost management in modern manufactur-
ing settings by combining predictive modeling, visualization, and automated reporting.

3.2 Flowchart Development

The flowchart for the proposed system shows how the MLR-based production cost esti-
mation algorithm works step by step. To start the process, the system is set up and the
MSD is created. This step gets the industrial data ready for training the model. After that,
the dataset is cleaned up and split into two parts: one for training and one for testing.
Then, the MLR model is trained on the training dataset and checked for accuracy using
metrics like MSE and R2. After the predictive model has been tested and found to be
accurate, the system moves on to the user interaction stage.

Here, production managers enter operational parameters through the GUI. After get-
ting the inputs, the trained regression model makes a guess about how much will be
made each day. The system uses this prediction to figure out the cost of making one unit,
the total cost of making all the items, and the rate of production per hour. These calcu-
lations are based on the mathematical rules set out in the algorithm. After that, the system
makes visualization outputs, like a 3D plot that shows how demand, market price, and
production output are related.

Finally, the results are put together and sent out as a PDF-based production cost in-
voice, which ends the decision-support workflow. The flowchart shows the entire oper-
ational cycle of the suggested predictive production cost estimation system, which com-
bines machine learning, economic modeling, and industrial decision support. The dis-
tinctive flowchart is given in figure 6.
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Fig. 6. Flowchart of the proposed whole GUI system.

4 Results and Distinctive Comparison

4.1 Results Analysis of the Proposed GUI System

The system used the MSD created in the Python environment to evaluate how well the
proposed MLR-based production cost estimation GUI system worked. The results in
Tables 2 and 3 show how well the model can predict what will happen in two different
types of industrial markets: one where the MP goes up and one where it goes down. In
both cases, the profit margin, PM stays the same at 15% for all production items. And
the active working hours is 8 for all the items. These scenarios mimic authentic manu-
facturing settings characterized by fluctuating market prices and variable production
demand driven by operational necessities. Smart manufacturing and Industry 4.0 sys-
tems are using more and more data-driven predictive models to look at these changes
in production and help with decision-making (Kusiak, 2018; Lee et al., 2015; Tao et
al., 2018).
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4.1.1 Incremental Market Price Scenario with Fixed PM

Table 2 shows the results when the market price goes up slowly from 100 BDT to 1000
BDT and the number of pieces that need to be made each day ranges from 500 to 5000.
The predicted daily production quantity (Q,,,) has a strong linear relationship with the
demand variable (Q,4). For instance, if the demand goes up from 500 to 5000 pieces,
the predicted number of pieces that will be made also goes up from 523 to 5050. This
proportional trend shows that the trained MLR model accurately captures the relation-
ship that is hidden in the MSD dataset.

From a statistical point of view, the differences between the required and predicted
production amounts stay very small in all test cases. The difference between Q,.q and
Qpro stays within a small range, which shows that the regression model is stable and
reliable for estimating production tasks. This is what we expect because linear regres-
sion works best for modeling systems where variables have a strong linear dependency
(Gray, 2002).

Table 2. Some results of the proposed GUI system program for incremental MP with fixed PM
of 15% for all items.

Item No.  Qreq./day MP Qpro./day Qpro./hour Calculated PCuit  Total PCitem  GUI Performance Metrics
(s) (Predicted (Predicted rate = Qpro./dayX
(Pieces)  (BDT) Pieces) in 24 hours) (BDT) PClnit MSE R2
(BDT)
Item 1 500 100 523 174 85 44455 1.2101e-23 1.00
Item 2 600 200 623 208 170 105910 1.2101e-23 1.00
Item 3 700 300 723 241 255 184365 1.2101e-23 1.00
Item 4 800 400 823 274 340 279820 1.2101e-23 1.00
Item 5 900 500 922 307 425 391850 1.2101e-23 1.00
Item 6 1000 600 1022 341 510 511220 1.2101e-23 1.00
Item 7 1500 700 1525 508 595 907375 1.2101e-23 1.00
Item 8 2000 800 2028 676 680 1379040 1.2101e-23 1.00
Item 9 3000 900 3035 1012 765 2321775 1.2101e-23 1.00
Item 10 5000 1000 5050 1683 850 4292500 1.2101e-23 1.00

The total production cost values also clearly show how the results will affect the
economy. The unit production cost goes up in direct proportion to the market price
because the profit margin is set at 15%. This means that the total cost of making each
item goes up a lot when demand and market price go up. For example, the total cost of
making Item 1 goes up from 44,455 BDT to about 4.29 million BDT for Item 10. This
trend shows that the proposed system accurately models the link between the size of
production and the value of the product in the market.

The hourly production rate is another important operational indicator that the system
gives us. As demand for the ten items goes up, the predicted hourly production rate
goes up from 174 pieces/hour to 1683 pieces/hour. This trend shows that the system
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can turn daily production forecasts into useful operational manufacturing metrics that
can be used for scheduling production and planning resources.

One important thing to notice in Table 2 is that the performance metrics are the same
for all test cases. The MSE stays very low at about 1.2101x10723 for all items, and the
R? stays at 1.00. These numbers show that the predicted and expected outputs are almost
the same. The fact that these metrics are the same in different experimental situations
suggests that the proposed GUI system keeps its predictive accuracy stable even when
industrial parameters change. This is a big plus for real-world manufacturing applica-
tions (Hastie et al., 2009).

4.1.2 Decremental Market Price Scenario with Fixed PM

The second experimental scenario in Table 3 tests the system when market prices are
falling. In this case, the price goes down from 1000 BDT to 100 BDT while keeping
the same 15% profit margin. Even though the price trend has changed, the predicted
production amounts are still very close to the demand amounts. This shows that the
trained regression model is strong.

The total cost of production goes down a lot as the market price goes down, even
though the amounts produced stay about the same as they were in Table 2. The total
production cost for Item 1 is 436,900 BDT when the market price is 1000 BDT. How-
ever, when the price drops to 100 BDT, the total cost for Item 10 is about 430,015 BDT,
even though the quantity produced is much higher. This observation shows that market
price has the biggest effect on estimating total production cost.

The model performance metrics stay the same for all cases, which is another im-
portant finding. For every item, MSE is about 1.2101x1072 and R? is 1.00. This con-
sistency shows that the suggested MLR-based system keeps its high predictive accuracy
and stability even when economic conditions change, which is a good thing for indus-
trial decision-support systems.

Table 3. Some results of the proposed GUI system program for decremental MP with fixed PM
of 15% for all items.

Item No.  Qreq/day MP Qpro./day Qpro./hour Calculated PCuit  Total PCitem  GUI Performance Metrics
(s) (Predicted  (Predicted rate = Qpro./day™
(Pieces) (BDT) Pieces) in 24 hours) (BDT) PCunit MSE R2
(BDT)
Ttem 1 500 1000 514 171 850 436900 1.2101e-23 1.00
Item 2 600 900 616 205 765 471240 1.2101e-23 1.00
Item 3 700 800 718 239 680 488240 1.2101e-23 1.00
[tem 4 800 700 820 273 595 487900 1.2101e-23 1.00
Item 5 900 600 921 307 510 469710 1.2101e-23 1.00
[tem 6 1000 500 1023 341 425 434775 1.2101e-23 1.00
Item 7 1500 400 1528 509 340 519520 1.2101e-23 1.00
Item 8 2000 300 2033 678 255 518415 1.2101e-23 1.00

Item 9 3000 200 3042 1014 170 517140 1.2101e-23 1.00
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5000 100 5059 1686 85 430015 1.2101e-23

1.00

4.2 Distinctive Comparison with Other Machine Learning Models

Table 4 compares the performance of five machine learning models trained on the same
MSD dataset: MLR, Ridge Regression (RR), Support Vector Regression (SVR), Ran-
dom Forest (RF), and Extreme Gradient Boosting (XGBoost). This is to further prove
that the proposed method is reliable. These algorithms use a mix of linear, regularized,
kernel-based, and ensemble learning methods, which are often used in predictive ana-
lytics and industrial modeling (Breiman, 2001; Cortes & Vapnik, 1995; T. Chen &
Guestrin, 2016).

The MLR model is the best at predicting things overall out of all the models that
were looked at. It gets an MSE of 1.180323x1072* and a very low RMSE of
3.435584x107'2 while keeping a perfect R? value of 1.000000. These very low error
values show that the model does a great job of showing how demand, market price, and
production quantity are related.

Even though Ridge Regression gets a perfect R? score, its error values are much
higher than those of the MLR model. This indicates that the regularization utilized in
Ridge Regression does not substantially enhance predictive performance for the MSD
dataset, which already demonstrates a robust linear structure.

The Random Forest model also gives a value close to 1 for R?, but it still has higher
error values than MLR. Ensemble tree-based models are usually good for modeling
complicated nonlinear relationships, but they can make things more complicated than
they need to be when the relationship between the variables is basically linear.

Support Vector Regression, on the other hand, does much worse, with a huge MSE
of 6.59x10° and a R? value of only 0.203975, which means it can't predict the data well.
This suggests that kernel-based models might not work well with the simple linear re-
lationships in the MSD dataset.

The XGBoost model does pretty well, with a R? value of 0.999983, but its error
values are still much higher than those of the MLR model. XGBoost is a powerful
boosting algorithm, but it may not be worth the extra work if a simpler linear approach
can model the problem just as well.

The comparative analysis shows that the MLR-based GUI system has better predic-
tive accuracy with less computational complexity. This makes it a good choice for es-
timating production costs in real time and for decision-support applications.

Table 4. Comparison of different ML techniques on the same MSD.

ML Model Type ML Techniques MSE R? Annotations of
Fitness
Linear learning MLR 1.180323e-23 1 Best fitted
method
Regularized RR 1.937710e-15 1 Moderately fitted

linear method
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Kernel-based SVR 6.592929¢+6 0.203975 Lowest fitted
learning method

Ensemble RF 2.838623e-01 1 Moderately fitted
learning method

(bagging)
Ensemble XGBoost 1.402392e+02 0.999983  Lowermost fitted
learning method
(boosting)

5  GUI Interface with Hardware and Software Specifications

5.1  GUI Interface Modeling

The suggested system has a GUI based on Python that lets users interact with the pro-
duction cost estimation model through a well-organized and easy-to-use interface. The
GUI was made to look like a simple industrial production planning dashboard, where
users can enter operational parameters, do calculations, see how data relates to each
other, and make automated reports. The GUI has a number of functional parts that work
together to support the workflow of the proposed framework for estimating production
costs. Figure 7 shows the snapshot of the Python code in the PyCharm software’s in-
terface that makes the GUI system work, and Figure 8 shows what the developed GUI
based user interface looks like from the outside.

from datetime import datetime 1 613 7
import numpy as np

import pandas as pd

import tkinter as tk

import matplotlib.pyplot as plt

from tkinter import messagebox, filedialog

from sklearn.model_selection import train_test_split
from sklearn.linear_model import LinearRegression

from sklearn.metrics import mean_squared_error, r2_score
from mpl_toolkits.mplot3d import Axes3D

from fpdf import FPDF

quantity_required_per_day = np.linspace( start 100, stop: 10008, num. 10000)
product_market_price = np.linspace( start 180, stop: 1, num: 10000)
production_quantity_per_day = np.linspace( start 120, stop: 10100, num: 16000)

pd.DataFrame({’ quantity_required_per_day': quantity_required_per_day}).to_csv( pathorbuf. 'quantity_required_per_day.csv',
index=False)
pd.DataFrame({’product_market_price': product_market_price}).to_csv( path.or buf: 'product_market_price.csv', index=False)
pd.DataFrame({'production_quantity_per_day': production_quantity_per_day}).to_csv( pathorbuf 'production_quantity_per_day.csv',
index=False)

Fig. 7. A snapshot of the GUI based MLR program in PyCharm platform.
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The Total Items to Produce input field is the first part of the interface. It lets the
user say how many industrial items will be used in the calculation of production. This
parameter tells the interface how many separate product entries to make. In real-world
industrial situations, production planning often includes more than one type of product
or batch. This input field gives it the opportunity to handle more than one production
item in a single operation.

The GUI has a Set Items button that turns on this feature. When the user types a
number into the Total Items to Produce field and clicks the "Set Items" button, the
system automatically creates the right number of item input sections in the interface. If
the user says they want two items, for instance, the GUI will automatically make two
separate input panels where they can type in the information they need for each item.
This dynamic layout system makes the system easier to use and makes sure it can easily
adjust to different production situations.

The Profit Margin (%) field is another important input parameter in the GUI. It lets
the user set the expected industrial profit margin before any calculations are done. The
system uses this parameter in its industrial-grade cost estimation formula to figure out
the unit production cost and the total production cost. The system lets users set the profit
margin, which makes it easier to plan finances and analyze costs for different business
strategies.

The Calculate Production Cost button is what makes the system work. When you
click this button, the GUI gathers all the input parameters, such as the required produc-
tion quantity, market price, and profit margin. It then uses the MLR model and indus-
trial cost calculation formulas to process them. The system then figures out a number
of important outputs, such as the expected number of items produced, the hourly pro-
duction rate, the cost of producing one item, and the total cost of producing all items.
The GUI also calculates the total production cost for all items, giving you a complete
picture of the production costs.

The GUI also has a Reset All button that clears all input fields and returns the inter-
face to its default state for ease of use. This function lets users quickly start the calcu-
lation process over again without having to delete old values by hand.

The interface has a Print Invoice button to make it easier to keep records and report.
This feature makes a professionally formatted PDF invoice or report that includes all
the calculated production parameters and results on its own. The report that is made
usually has information about the items, how many were made, what the market prices
are, what the profit margins are, what the predicted outputs are, and what the total pro-
duction costs are. Automated reporting like this is especially helpful for keeping track
of records in factories and making decisions as a manager.

The Generate 3D Graph button is another visualization tool in the GUI. It makes a
3D graph that shows how the three main industrial variables of demand, market price,
and production output are related to each other. This graph helps users understand better
how changes in demand and market price affect how much the system can produce.
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Fig. 8. A snapshot of the proposed GUI based user interface.

Lastly, the GUI interface shows model performance metrics right in the user inter-
face. These include the MSE and the R2. By showing these metrics, users can check the
predictive model's accuracy and dependability while the system is running.

The developed GUI brings together input configuration, predictive computation, vis-
ualization, performance monitoring, and automated reporting into one interactive plat-
form. This makes it useful for real-world industrial production planning and cost esti-
mation tasks.
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Fig. 9. A snapshot of the generated results in the proposed GUI based user interface.
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Figure 9 shows an illustration of the results that were made and shown in the sug-
gested GUI-based user interface. The figure shows how the system works by using two
items from Table 2 as examples to show how the GUI does real-time calculations of
production costs. In particular, the results match Item 1 with Q,.., = 500 and Item 10
(correspondent to Item 2 in the snapshot) with Q.4 = 5000, where the GUI calculates
the expected production amounts, hourly production rates, and unit production costs
based on the parameters that have already been set. The interface makes it easy to see
the calculated production costs for both items. The total production cost for Item 1 is
44,455 BDT, and for Item 10 it is 4,292,500 BDT. The GUI system adds these numbers
together on its own to find the total production cost, which comes to 4,336,955 BDT
for the two items chosen. This number shows how useful the GUI system is for doing
things like estimating industrial costs in real time, visualizing results, and automatically
adding up costs. It also shows how well the proposed framework works for real-time
production planning applications.

5.2 Specification of Hardware and Software Used in the System

This study's experiments were done on a personal computer with an Intel Core i5 pro-
cessor, 8 GB of RAM, and a 64-bit operating system. This setup is a standard computing
environment that you would find in most industrial offices and research labs. The Py-
Charm Integrated Development Environment (IDE) was used to run and test the GUI
application that was made. This IDE has advanced debugging tools, code management
features, and the ability to run projects quickly.

The system's implementation depends on a number of Python libraries and packages,
each of which has a specific job to do in the application. The NumPy library was used
to do mathematics and make the MSD, especially to make arrays and do math. It used
the Pandas library to handle data and manage datasets. This included reading, organiz-
ing, and preprocessing production data.

The Tkinter package was the main framework for making windows, frames, labels,
buttons, entry fields, and dialog boxes for GUI development. It used more Tkinter mod-
ules, like messagebox and filedialog, to add interactive notifications and file selection
features.

The GUI used the Matplotlib library to make graphs, such as two- and three-dimen-
sional plots that show how demand, market price, and production output are related.
The mpl_toolkits.mplot3d module made it possible to create three-dimensional data
visualizations in the GUI environment.

It used the Scikit-learn (sklearn) library to add machine learning features. The MLR
model was made with the Linear Regression module, and the train_test split function
was used to split the dataset into training and testing sets. It used the mean_squared er-
ror and r2_score functions to see how well the predictive model worked.

The datetime module was also used to make timestamps for system operations and
to add to the automatically generated production reports. These libraries work together
to make the Python GUI program fully functional. They let the generation of data, train-
ing of models, making of predictions, visualization of data, and automatic reporting of
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results all happen in one software framework. Table 5 gives a tabular overview of all
of these specifications.

Table 5. Overview of the Generic Hardware and Software Specifications.

Parts of the System Configurations Packages Used Functionality

System

Hardware Intel Core i5 proces- Windows 10 System Software
sor, a 64-bit operating for the hardware
system, and 8GB of
RAM

Software ~ Pycharm IDE Different pack- GUI Application
(Community Edition) ages

In the real world, a high-performance computer setup with advanced settings would
speed up processing time by a lot, making sure that predictions and analysis happen in
real time. The study can show how powerful the testing system is by going into detail
about the computational setup. It can also make it clear that processing times could be
even shorter with more powerful systems, making it suitable for large-scale industrial
use (Salman et al., 2025).

Table 6. List of the all packages used in the proposed Python GUI system.

Package / Library Purpose in the Functionality in the Proposed GUI Pro

System gram
. Date and time Generates timestamps for reports and
datetime L
management PDF invoices.
Numerical com- Generates numerical datasets and per-
NumPy (numpy) . .
putation forms array operations.
Pandas (pandas) Data hand}ing and Organizes. and manages industrial data
processing in tabular form.
Tkinter (tkinter) GUI development Buﬂ(.is the gre.tphical user interface
framework (windows, inputs, buttons).
. . . Displ lerts, ings, and
Tkinter Messagebox GUI notifications 1Splays aleris, Warilings, and uset
messages.
Tkinter Filedialog File handling in- Allows u.sers to choose locations for
terface saving generated files.

Matplotlib (mat- L Generates graphs and plots for result
- Data visualization e
plotlib.pyplot) visualization.

. . . Creates 3D visualization of d d,
mpl_toolkits.mplot3d 3D plotting toolkit rea. es o vista lza, 1o ot demmat
- price, and production output.

o Machine learning Implements regression models for pre-
Scikit-learn (sklearn) framework diction
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Package / Library Purpose in the Functionality in the Proposed GUI Pro
System gram
. s Divides data into traini d testi
sklearn.model_selection Dataset splitting tvices ata o lraining and fesing

sets.

R i -
sklearn.linear_model cgression mod Implements the MLR model.

eling

Calculates performance metrics such

klearn.metri Model evaluati
sklearn.metrics odel evaluation as MSE and R2.

The table in 6 shows the main software libraries that make up the Python GUI sys-
tem. Together, these libraries let it create data, build machine learning models, make
graphs, interact with users, and automatically report within the proposed framework for
estimating industrial production costs.

6 Research Limitations and Prospective Directions

6.1 Research Limitations

The proposed Python-based GUI system that works with a MLR model shows good
predictive power and is easy to use, but there are a few things that could be improved.
The current framework focuses on three main industrial variables: demand (how much
is needed each day), market price, and production output. These are enough to show
that the proposed system works. But in real factories, there are often more operational
parameters to think about, like the cost of raw materials, labor, energy use, machine
use, and logistics. Adding these kinds of variables to future versions could make the
predictive framework even more realistic and adaptable for use in more industries (J.
Zhang et al., 2025).

The study uses linear regression modeling (Nguyen, 2024), which is easier to under-
stand, faster to compute, and easier to add to decision-support tools that are already in
use. Many people use linear models for production planning and economic forecasting
because they are easy to understand and explain how variables are related (Shnawa &
Jali, 2025) . But sometimes, industrial production systems show more complicated or
nonlinear relationships between variables. Investigating supplementary modeling tech-
niques in conjunction with the existing framework may yield additional insights for
managing varied manufacturing datasets (Sun et al., 2023; Li et al., 2015) .

Another thing to think about is the method used to generate data for model testing
and demonstration. The dataset used in the GUI program was made to clearly show
how demand, market price, and production output are related. This made it possible to
systematically test the algorithm and visualization parts. Structured datasets like these
are good for checking that a system works, but having access to large-scale historical
industrial datasets could help with more thorough empirical evaluation and compari-
sons with real manufacturing situations (Sun et al., 2023).

Also, the proposed system is currently a standalone decision-support application that
is mainly meant to show how machine learning predictions, cost estimation formulas,
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and graphical visualization can work together in a user-friendly way. In real-world in-
dustrial settings, similar analytical tools are often linked to enterprise management sys-
tems, production databases, or Industry 4.0 monitoring platforms. This lets data be
shared in real time and decisions be made automatically (Lee et al., 2015).

In general, these factors do not make the proposed framework less useful; instead,
they point out possible ways to make the system more useful and useful in real life. By
adding more data, more industrial parameters, and more advanced analytical methods,
future developments could make the proposed GUI-based production cost estimation
platform even more useful in modern manufacturing settings (Warke et al., 2021).

6.2  Prospective Directions

Future studies can build on the proposed framework in a number of technical ways to
make it more useful and reliable in real life. Adding more industrial variables to the
predictive model is one promising way to make it better. These could be things like the
cost of raw materials, the rate at which machines are used, the productivity of workers,
the amount of energy used, and the schedules for maintenance. Adding these kinds of
variables would help the model better understand how production works and make its
predictions more accurate in spite of the limitations (Porter et al., 1981).

Another important area of research is the use of advanced deep learning and machine
learning algorithms. ANN, Random Forest, Gradient Boosting, and Deep Learning ar-
chitectures (Ning et al., 2020b) are examples of models that have been very good at
modeling complicated nonlinear relationships in manufacturing datasets. When work-
ing with large amounts of industrial data, these methods might work better than tradi-
tional regression models (Bhattacharjee et al., 2024).

Another important future direction is to combine the proposed system with Industry
4.0 technologies. For instance, linking the GUI-based decision-support system to loT
sensors, real-time production monitoring systems, and cloud-based industrial platforms
could make it possible to estimate production costs in real time and make decisions on
the fly. This kind of integration would turn the system into a cyber-physical production
planning tool that could work in smart manufacturing settings (Lee et al., 2015).

In addition, future research may look into explainable artificial intelligence (XAI)
methods to make predictive models easier to understand and see through. Explainability
tools can help industrial managers figure out which factors have the biggest impact on
production costs and output, giving them useful information (Tzionis et al., 2025).

Lastly, the suggested GUI framework can be turned into a fully integrated industrial
decision-support platform by adding features like supply chain optimization, demand
forecasting, inventory management, and scheduling production for multiple products.
These improvements would let the system handle more complex manufacturing plan-
ning tasks while still being easy to use (Alonge et al., 2021; Itu, 2025).

In general, looking into this research areas will make the proposed production cost
estimation system more scalable, accurate, and useful for industry.
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7 Conclusions

This study created a Python-based system for estimating industrial production costs that
uses machine learning to help with efficient production planning and cost analysis. The
suggested framework combines MLR, an interactive GUIL, and tools for visualizing data
to make it easier for users to make decisions in manufacturing settings. Three key indus-
trial variables daily demand, market price, and production output were used to create a
predictive relationship in the methodological design. This relationship makes it possible
to automatically estimate production quantities and their costs. The dataset that was cre-
ated was used to train and test the regression model. The GUI platform let users change
production parameters, set profit margins, and do industrial calculations in real time. The
system makes it even easier to understand by using three-dimensional graphics to show
how demand, market price, and predicted production output are all related. The experi-
mental results show that the proposed framework has very consistent predictive perfor-
mance, with very low error values and almost perfect R? scores in a variety of industrial
settings, including both rising and falling market prices. When we compared the MLR
model to several other machine learning techniques, such as Ridge Regression, Support
Vector Regression, Random Forest, and XGBoost, the system found that it performed
the most consistently and was the easiest to understand for the structured dataset used in
the system. The developed GUI has more than just predictive modeling. It also has useful
features like automatically calculating production rates, unit production costs, and total
industrial costs for multiple items. It can also create 3D graphical analysis and profes-
sional PDF invoices. These features show that the proposed system could be a useful
tool for estimating industrial costs, planning production, and keeping an eye on opera-
tions. The study shows how combining machine learning, interactive GUI systems, and
automated visualization can make complicated industrial calculations easier and give a
structured way to support data-driven manufacturing decisions. The proposed frame-
work thus enhances the increasing utilization of computational intelligence and soft-
ware-driven decision-support systems in contemporary industrial management and pro-
duction analysis.
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