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1. Introduction

In an increasingly developed and competitive apparel industry, forecasting and optimizing
production capacity have become crucial factors in determining enterprise success [1]. In addition,
many constraints on sustainable development policies in the supply chain have placed significant
pressure on stakeholders, especially product manufacturers [2]. Apparel enterprises not only face
high customer expectations regarding delivery time and product quality but also must optimize
resources to minimize costs and enhance production efficiency. This presents a significant challenge
for planning and managing production capacity, given the distinct characteristics of orders across
markets [3]. In addition, the clothing industry in many countries is shifting from the Original
Equipment Manufacturer (OEM) model to the Original Design Manufacturer (ODM) model, in which
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businesses assume greater responsibility for the entire product design and development process,
including production and supply chain management. This requires businesses to enhance their
forecasting and production planning capabilities to ensure flexibility and operational efficiency.
However, many clothing enterprises still use manual or experience-based methods to predict
production capacity. These methods are not only inaccurate but also have numerous consequences,
including inefficient resource allocation, wasted time, and higher production costs. Meanwhile, data-
driven forecasting models have proven highly effective at enhancing planning capabilities,
particularly in modern manufacturing industries [4]. Applying production capacity forecasting models
not only helps enterprises meet customer demands promptly but also enhances their market
competitiveness.

In production activities, in general, and the clothing industry in particular, the productivity of the
production line is influenced by numerous factors that interact with and affect one another
simultaneously, especially order characteristics. This paper presents a production capacity
forecasting model based on an analysis of the interaction between order characteristics and
production line specifications in clothing enterprises, which is not only timely in a practical context
but also holds significant scientific and practical implications. Researching and developing an
effective forecasting model will enable garment enterprises to optimize resources, meet stringent
customer requirements, and mitigate production risks.

2. Background
2.1 Definition of Production Capacity

Production capacity refers to the maximum output a factory, production line, or workstation can
produce within a given period under normal operating conditions [5]. In reality, the production line
experiences frequent fluctuations, preventing its capacity from reaching its maximum. In the clothing
industry, production capacity is expressed in three forms: theoretical, effective, and realized capacity
[6].

- Theoretical capacity is the maximum level of performance that can be achieved under
perfect conditions, with no downtime, no product defects, and no interruptions.

- Effective capacity is the expected level of capacity that a sewing line can achieve in everyday
production practice, taking into account factors such as downtime, product defects, or line
changes.

- Realized capacity is the actual capacity level after subtracting unplanned constraints such as
machine maintenance, worker leave, or delays in the supply of raw materials.

2.2 Factors affecting production capacity in clothing production

In production management, identifying the determinants of production capacity is essential for
accurate capacity forecasting and effective risk mitigation, thereby ensuring the achievement of
established productivity targets. In the clothing industry, sewing line capacity is influenced by
numerous factors that interact simultaneously and mutually [7]. To comprehensively evaluate these
factors, the "5M + 1E" model is employed as an effective analytical tool, enabling the identification
of causes and the provision of appropriate improvement solutions. The “5M + 1E” model is a popular
root cause analysis method, often applied in quality management systems and industrial production.
This model originates from the Fishbone Diagram tool, developed by Kaoru Ishikawa, a Japanese
guality management expert, in the 1960s [8].
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a) Man factor

In the clothing industry, workers are considered the key factor, directly determining the
operational capacity of the sewing production line. They are responsible for maintaining stable
productivity and ensuring that products meet technical standards [9]. The productivity of the sewing
line depends almost entirely on the workers' skill and experience. Additionally, the stability of the
sewing line also depends on the operator's skills, their ability to control seam quality, and their
capacity to respond flexibly when errors occur on the product [10].

In clothing enterprises, workers’ skill levels are used as the standard for ranking skills. The higher
the skill level of workers, the more capable they are of undertaking key workstations on the
production line, which require higher operating skills and precision to maintain stable production
capacity [11]. In managing the production line, the sewing line manager often bases their decisions
on workers' skill levels and practical experience to assign suitable workers to workstations, ensuring
the sewing line meets delivery times and fulfills the technical requirements of each order. Sewing
lines with varying numbers of workers, each with different skill levels, will have different production
capacities.

b) Machine factor

The machinery and equipment in the production line are considered key technical components
that directly determine production capacity [12]. Machinery not only plays a supporting role in
sewing operations but also significantly affects the speed, stability, and quality of the output
products. The ability to invest in and apply modern machinery and technology enables the sewing
line to perform complex operations at higher speeds while eliminating many redundant manual
operations. This helps shorten processing times, limit waiting for semi-finished products between
stages, and thereby increase overall capacity [13].

However, the efficiency of machinery also depends on regular maintenance and repair.
Reasonable control of equipment status helps maintain stable operation and minimize technical
problems and downtime [14]. On the contrary, when machines break down frequently, processes are
interrupted, and actual capacity will decrease significantly from the planned level.

¢) Material factor

In a clothing production line, raw materials are crucial, as they directly affect the processing
capacity and operational efficiency of the sewing line. Raw materials not only reflect the complexity
of the product but also affect operational speed, error rate, process stability, and, ultimately, actual
capacity [15]. The characteristics of raw materials clearly affect the ease or difficulty of the sewing
tasks [16]. Several material-related factors directly affect the sewing line's production capacity,
including fabric physical properties, color, and the number of colors in the clothing order.

- The physical properties of fabric: Fabric weight is a crucial factor that directly impacts the
productivity of workers in the sewing line. For heavy fabrics, the pulling force during sewing is greater,
making the needle tip more prone to breakage or causing the seam to deviate if the worker operates
too quickly [17]. Therefore, it is often necessary to reduce the sewing speed to ensure safety and
accuracy. For fabrics that are too thin and prone to shifting during sewing, workers must maintain a
slow, steady rhythm to keep the seam stable and meet technical requirements. In addition, the
fabric's elasticity also affects the line's production capacity. Highly elastic fabrics often require
specialized sewing techniques to ensure that seams remain intact during processing and in use. When
working with elastic fabrics, sewing workers must maintain a consistent pulling force and adjust the
machine speed appropriately to prevent the fabric from stretching or distorting and the thread from
coming loose. This means that the operating speed is often slower than when sewing non-elastic
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fabrics. Additionally, elastic fabrics require specialized equipment and needles to maintain their
elasticity in the finished product. If not equipped with the right machinery, the seams are very likely
to break or leak, increasing the rate of defective products and requiring repair steps, which directly
affect the line's actual capacity.

- The fabric's color: customers often have strict requirements for color uniformity across the
entire product. This forces businesses to use cut-and-match details from the same fabric or dye batch
to avoid shade differences. In the event of a significant shade difference, the sewing line must
separate the batch, re-arrange the order of use, or even stop to re-sort the items. Additionally, each
additional color in an order requires preparation operations, such as changing threads, adjusting
cutters, and setting up the appropriate machines or tools [18]. These operations increase preparation
time, generate many line stops, and reduce the total actual production time. The more colors an
order has, the longer the changeover time and the greater the preparation work, reducing overall
production capacity.

d) Method factor

The production method reflects the organization of the sewing process, the level of technical
complexity, the number of stages, and the ratio of manual to semi-automatic operations [17]. In
actual production, the characteristics of the sewing process often vary significantly depending on the
product's nature. The more stages are automated, the lower the manual operation ratio, the shorter
the processing time, and the more stable the quality. Another important factor is whether the
enterprise has established and implemented a Standard operating procedure (SOP). SOP helps
standardize operations at each stage, thereby reducing errors caused by skill differences among
workers. Combined with effective line balancing, it will help optimize labor distribution across stages,
reduce bottlenecks, and increase actual productivity. According to [19], applying the appropriate line-
balancing method can increase productivity by 15% to 20% compared to unscientific layout
processes.

e) Measurement factor

Measurement is a group of factors that reflect quality inspection and monitoring activities
throughout the production process. Quality control indicators not only ensure that products meet
customers' technical requirements but also directly affect actual production speed and productivity
[20]. In a clothing manufacturing line, quality control activities depend on customer requirements
and directly impact production capacity. This is evident in the fact that different quality standards
require different inspection frequencies, control levels, and evaluation methods. The higher the
quality requirements, the more time is spent on inspection and error correction, thereby altering the
takt time between workstations. Without proper organization, inspection points can become
bottlenecks, causing congestion and imbalances in the production line. Conversely, a well-established
quality control system will maintain a stable production flow, thereby increasing productivity and
overall line efficiency.

f) Environment

The working environment is the last factor, but it plays a crucial role in maintaining stable labor
performance among sewing workers. Environmental conditions in the factory directly affect health,
physical condition, concentration ability, and operating speed [21]. Several environmental factors
affect the sewing line's capacity, including temperature, humidity, noise, ventilation, and lighting
[22]. In sewing production, most stages require workers to observe sewing details, seams, and fabric
edges with high precision. If lighting conditions are insufficient or substandard, workers are likely to
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experience eye fatigue and strain, leading to slower operations, misaligned seams, and technical
errors. In particular, with dark fabrics, hidden patterns, or products that require sewing small details,
weak lighting will make it almost impossible to detect errors in a timely manner. This leads to
increased error-correction

2.3 Data mining approach in production management

The emergence of data mining underscores the importance of efficient access to and use of
information in production management. It can be described as a method for uncovering the
"meaning" in data, enabling users to gain the insights needed to make informed decisions [23]. Data
mining is particularly effective when dealing with large, complex datasets that contain many variables
and exhibit non-linear relationships. It helps predict behavior and outcomes, and uncover hidden
patterns and associations, to gain deeper insights.

Data mining techniques can be categorized into two types of learning: supervised and
unsupervised [24]. In supervised learning, classification is the preferred method in the clothing
industry, especially with Naive Bayes, due to its ability to analyze complex patterns, optimize
production processes, and enhance quality control.

In data mining, Naive Bayes is a probabilistic classifier based on Bayes' Theorem that assumes
independence among predictor variables [25]. While this “naive” assumption might not always hold
true in real-world scenarios, Naive Bayes often performs surprisingly well in practice, especially with
high-dimensional data. According to [26], Naive Bayes has several advantages, including simplicity,
speed, and high accuracy. However, it also has some disadvantages related to its “Naive” nature and
limited structure. Theorem is stated as follows in Eq.1:

PX|Y = yi) xP(Y=yx)
P(X)

Y =ylX) = (1)
Where:

— P(Y = y;|X) is the posterior probability, the probability of the class y; given the predictor
attributes X = (X, X, ... ... , Xom)-

- P(X|Y = y;) is the likelihood, the probability of observing attributes X given class y;,.

— P (Y = yg) is the prior probability of class yy.

— P(X) is the probability of observing attributes X (evidence). Since P(X) is constant for all classes,
it is usually ignored for classification purposes, and predictions are made based on the numerator
PX]Y = yi) X P(Y =yy).

According to [27], the production capacity in most cases cannot be measured by a crisp number;
its proper identification requires a distribution of values and a probability statement attached to it.
Therefore, applying the Naive Bayes algorithm in this study to predict production capacity based on
influencing factors from "5M and 1E" is theoretically reasonable, as it aligns with the probabilistic
interpretation of production capacity and supports risk-based decision-making in production
planning.

3. Predicting The Production Capacity Method — A Case Study
3.1 Production capacity management process at an apparel company

Assessing production capacity is a crucial step in clothing production management, as it directly
impacts the ability to accept orders, plan, and organize production effectively. At X Clothing Company,
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the current production capacity assessment process is carried out in four steps. However, this process
still has many limitations, particularly in linking order characteristics to the sewing line's execution
capacity, which results in low forecast accuracy.

Step 1 - Collecting the order’s information: Order information collected from customers by the
sales and merchandising departments includes: order type (CM/FOB), quantity, model,
specifications, size chart, delivery time, technical requirements, raw materials, and other relevant
details. This forms the basis for assessing the order's production capacity. The order management
system fully supports this information and is easily accessible, allowing access to historical order data.
However, this process currently lacks tools to quantify the complexity/technical level of each order,
leading to preliminary assessments that do not accurately reflect the actual difficulty.

Step 2 - Resource analysis: Resources on the sewing line are analyzed based on fundamental
factors, including the number of workers, shifts, the condition and quantity of machinery, and the
availability of materials. This analysis is primarily based on the sewing line supervisor's experience.
The raw data lacks a systematic quantitative approach to assessing skill levels and the suitability of
resources for each product type; assessments remain subjective.

Step 3 - Assessing actual production capacity: X company's actual production capacity is
determined primarily by the average final output of each production line or the factory as a whole,
using historical data as a basis. This method provides a general estimate of production capacity but
does not differentiate between the characteristics of individual orders, such as processing difficulty,
materials, or product design.

Step 4 - Compare production capacity with order demand and make decisions: After estimating
production capacity, company X compares it with the output required for each order. The comparison
results serve as the basis for the company to decide whether to accept or reject the order, or to re-
allocate workforce, time, and equipment to meet the deadline. An explicit limitation is the company's
lack of clear quantitative tools for assessing capacity relative to the actual needs of each order.
Decisions are primarily based on managers' experience and subjective judgment, which can lead to
errors in resource allocation.

Analysis of the current production capacity assessment process at X Company reveals that the
current method is not closely aligned with the specific characteristics of each order. Capacity
assessment and decision-making are primarily based on historical data and practical experience,
which can lead to an inaccurate reflection of actual production capacity in the context of increasingly
diverse and flexible orders, particularly in terms of order type, material, and the complexity of
production tasks. Given this situation, there is an urgent need to develop a production capacity
forecasting model based on the characteristics of each order combined with sewing line technical
characteristics, aiming to help the company achieve the following objectives:

- Accurately estimate the ability to fulfill new orders, ensuring that decisions to accept or reject
orders are based on actual data.

- Reduce the risk of accepting orders beyond actual capacity, avoiding delivery delays or
fluctuating productivity.

3.2 Developing the production capacity forecasting model

By developing forecasting models that combine clothing order characteristics with manufacturing
line characteristics, fashion businesses can establish a basis for adjusting, controlling, and optimizing
production factors, thereby improving on-time delivery rates, maintaining stable production
efficiency, and enhancing competitiveness in an increasingly dynamic market. The methodology of
the production capacity forecasting model is shown in Fig. 1.
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Fig. 1. The methodology for the production capacity forecasting model

Step 1 - Collecting the input data

In this step, the input variables of the forecasting model will be identified. These order-related
factors fluctuate and, when combined with the sewing line's production characteristics, affect
production capacity. Based on the literature review in Section 2 on “5M + 1E,” the descriptive
variables data will be separated into two groups: order characteristics and production line
characteristics. In this model, the group of factors related to order characteristics primarily inherits
components from the "Material" and "Method" categories in the 5M and 1E models, reflecting factors
such as product type, technical requirements, complexity, and order size. Additionally, the group of
factors related to the production line includes components from "Man," "Machine," "Method," and
a portion of "Measurement," representing the internal operational capabilities of the production line,
such as the number and skill level of workers, line organization, working conditions, and control
systems. “Environment” factors remain almost constant across production lines within the same
factory.
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The transition from the 5M and 1E analytical framework to the new grouping method does not
change the nature of the factors; it aims to streamline the identification of data sources and storage
locations, thereby increasing the feasibility of data collection. The mapping of the 5SM1E model factors
into two groups is described in Table 1.

Table 1
Mapping of the 5SM1E model to two groups of factors
5M+1E Model Order characteristics Production line
characteristics
Man factors Workers’ skill level
Machine factors Line layout
Material factors Fabric weight, Fabric surface,
Fabric elasticity
Method factors Number of colors, Standard | Number of workers
production time
Measurement factors Line Balancing
Environment factors X X
1. Descriptive variables

a) Order characteristics

Order characteristics are crucial factors that directly influence the operation list, worker assignment,

and machinery layout, thereby impacting sewing line capacity [28]. These characteristics reflect the

order's volume, complexity, and technical specifications, thereby determining the difficulty of
operations and the time required to complete the product. The main input variables used to model
and forecast production capacity, including:

- Number of product colors: is a quantitative variable that affects machine setup time, thread change
time, synchronized control of raw materials and accessories, and the speed of worker operations.

- Fabric weight (GSM): a quantitative variable that directly affects the operation speed; fabrics that
are too thick or too thin will reduce sewing efficiency.

- Fabric surface: considered a qualitative variable on an ordinal scale. This characteristic directly
affects the ability to control fabric edges and the stability of seams during production.

- The elasticity of a fabric directly affects the speed of operation and the seam error rate in
production. The greater the fabric's elasticity, the more frequently workers must adjust and secure
the fabric edges during production to ensure product quality.

- Standard production time: is the time allocated to complete a product, reflecting its complexity and
serving as a basis for estimating production line productivity.

b) Sewing line characteristics

The group of line characteristics includes factors directly related to the sewing line's productivity and

operational efficiency. These characteristics determine the ability to complete products, the stability

of the line throughout the production process, and the allocation of workers and the balance of
processes. The main input variables of this group include:

- Number of workers: a quantitative factor reflecting the total number of workers on a sewing line.
The number of workers directly affects the volume of finished products per day and the efficiency
of task allocation.

- Worker skill level: this reflects the professional competence of workers on the sewing line, classified
by the average skill level of the line, from skill level 3 to 5. This variable reflects the line's operational
capacity and the speed at which products are completed.
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- Line Layout & Balancing: line balancing not only affects average productivity but also determines
the line's stability during the production process.

2. Class variable

The actual production capacity of the sewing line should be compared with the delivery time

constraints and the customer's required productivity levels to provide a basis for adjusting production

plans and allocating resources rationally. Based on this comparison, production capacity can be
divided into three levels:

- Under capacity occurs when the maximum output achievable within the allowed time frame is
lower than the required output, which implies a risk of delays and may require interventions such
as overtime, additional labor, or schedule adjustments.

- Just sufficient capacity is when actual capacity is approximately at the required level, ensuring order
completion but carrying the risk of unforeseen fluctuations.

- Excess production capacity occurs when actual capacity exceeds customer demand, enabling the
business to flexibly accept additional orders or optimize costs by reallocating resources.

Categorizing competence into these three states not only helps quantify responsiveness but also
provides a foundation for probabilistic classification models in forecasting and decision support.
Step 2 - Pre-processing data
After data collection, the dataset of input variables needs to be checked and normalized before being
applied to the analysis model. The purpose of this step is to eliminate inaccurate, incomplete,
misformatted, duplicated, or irrelevant information, thereby minimizing bias in the analysis results
and improving the accuracy of the production capacity forecasting model. The input data for the
forecasting model contains both qualitative and quantitative variables, so data normalization is
necessary. Quantitative variables need to be mapped to ordinal scales in order of their increasing
influence on production capacity. Table 2 presents the descriptive statistics for five quantitative
variables in the forecasting model. During this step, five technical and quality management specialists
from the apparel firm are selected to serve on an expert panel.

Table 2
The descriptive statistics of five quantitative variables

Variables Min Max Mean Median Star_md?rd

deviation

Number of product colors 1 4 2.19 2 1.10
Fabric weight (g/m?) 100 179 138.43 136 20.58
Standard productiontime | 5| 3,05 | 3530 | 2177 4.53
(minutes/pcs)
Number of workers 20 40 31.58 33 5.19
Balancing & Layout 062 | 117 | 0.89 0.88 0.11
Efficiency

Two of them work in the manufacturing department, one in the planning department, and two in
the quality assurance department. The conversion of quantitative variables into ordinal variables is
based on descriptive statistics of the data, combined with expert panel checks for reasonableness and
consistency. This process helps mitigate the impact of measurement errors and outliers while better
reflecting the hierarchical nature of input variables in line with actual production practices. Table 3
then uses categorical data to illustrate the categorization of quantitative variables.
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Table 3
The categorization of input variables
Input variables Categorizational level
Number of colors Little (1 <x < 2);

Medium (2 < x < 4);

Large (x > 4).

Fabric weight (GSM) Light (100 < GSM < 127);
Medium (127 < GSM < 154);
Heavy (GSM > 154).

Fabric surface Slippery; Medium; Rough.
Fabric elasticity Low; Medium; High.
Standard production time Low (15 < minutes < 21.5);

Medium (21.5 < minutes < 28);
High (> 28 minutes).

Number of workers Little (20 < y < 27);

Medium (27 < y < 34);

Large (y > 34).

Workers’ skill level Level 3; Level 4; Level 5.

Line Layout & Balancing Efficiency Low (0.6 < z < 0.8);

Medium (0.8 < z < 0.95);

High (> 0.95).

Step 3 - Application of Naive Bayes for predicting production capacity
From the result of production capacity in 463 historical orders, each production capacity level P(C;)
probability is estimated as follows:

P(production capacity = "Under capacity")

The number of under capacity production order 190
= = = 0.41
Total oders 463

P(production capacity = "Suf ficient capacity")

_ The number of sufficient capacity production order 173

B Total oders T 463 0.7
P(production capacity = "Excess capacity")
_ The number of excess capacity production order 100 0.21

Total oders 463

The prior probability values of eight descriptive attributes P (x; |C;) are calculated, as shown in Table

4.
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Table 4
The prior probability values of each descriptive attribute
, Attribute P(x;|C;
Attribute value Under capacity Sufficieflt léila pl;city Excess capacity
Little 108 (0.57) 96 (0.55) 94 (0.94)
Number of colors Medium 46 (0.24) 31(0.18) 5 (0.05)
Large 36 (0.19) 46 (0.27) 1(0.01)
Light 61 (0.32) 37 (0.22) 20 (0.20)
Fabric weight Medium 84 (0.44) 89 (0.51) 78 (0.78)
Heavy 45 (0.24) 47 (0.27) 2 (0.02)
Slippery 75 (0.40) 40 (0.23) 4 (0.04)
Fabric surface Medium 59 (0.31) 68 (0.39) 64 (0.64)
Rough 56 (0.29) 65 (0.38) 32(0.32)
Low 69 (0.36) 77 (0.44) 94 (0.94)
Fabric elasticity Medium 89 (0.47) 83 (0.48) 5 (0.05)
High 32(0.17) 13 (0.08) 1(0.01)
Low 52 (0.27) 56 (0.32) 93 (0.93)
Standard time Medium 94 (0.50) 91 (0.53) 5 (0.05)
High 44 (0.23) 26 (0.15) 2 (0.02)
Little 53 (0.28) 36 (0.21) 1(0.01)
Number of workers Medium 84 (0.44) 77 (0.44) 36 (0.36)
Large 53 (0.28) 60 (0.35) 63 (0.63)
Level 3 154 (0.81) 130 (0.75) 36 (0.36)
Skill level Level 4 33(0.17) 39 (0.23) 63 (0.63)
Level 5 3(0.02) 4(0.02) 1(0.01)
Low 58 (0.31) 39 (0.23) 1(0.01)
Line efficiency Medium 131 (0.68) 131 (0.76) 3 (0.03)
High 1(0.01) 3(0.02) 96 (0.96)

4. Results and Discussion

Table 5 summarizes the performance of the Naive Bayesian model. The prediction model's
accuracy is about 68.3%. However, relying solely on the accuracy indicator to evaluate a model is
insufficient. Accuracy reflects the percentage of correct predictions across the entire dataset, but
does not clearly show the model's effectiveness on specific classes, especially in multi-class
classification problems. Detailed analysis by class reveals significant differences in predictive
performance.

Specifically, the model performed very well for the "Excess capacity" class, with a true positive
rate of 0.94, a precision rate of 0.98, and a very low false positive rate (0.008). This indicates that the
model is highly accurate at identifying cases of excess capacity and rarely confuses them with other
classes.

Conversely, for the “Under capacity” class, performance is only average with a true positive rate
of 0.65 and a precision of 0.64. The relatively high false positive rate (0.26) indicates that the model
still makes significant mistakes when distinguishing this class from others. Notably, the “Sufficient
capacity” class has the lowest performance, with both the true positive rate and precision reaching
only 0.58. This suggests that the model has difficulty distinguishing the sufficient-capacity state from
the other two states. These results suggest that evaluating forecasting models should not be limited
to accuracy alone but should also consider other metrics, such as true positive rate (recall), precision,
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and false positive rate. These metrics provide a more comprehensive view of the model's
classification capabilities across classes, helping to identify potential weaknesses that accuracy may

not reflect.
Table 5
Performance of the Naive Bayesian model
Model Naive Bayesian
Correctly classification instances 68.3%
Incorrectly classification instances 31.7%
Detailed accuracy by class
True False
Class positive | positive | Precision
rate rate
Under capacity 0.65 0.26 0.64
Sufficient capacity 0.58 0.26 0.58
Excess capacity 0.94 0.008 0.98

Production capacity forecasting models are valuable tools that support clothing companies and
operations management departments in more accurately planning their capacity to meet customer
orders, helping identify potential schedule risks in the production process before they occur and
providing a foundation for selecting the appropriate production line configuration to meet schedule
requirements.

Based on the prior probability values of each descriptive attribute, when a new order X is placed
with the following attributes, including the number of colors in the order is medium, the fabric
material used for the order is light-weight, the fabric surface is slippery, and the elasticity is medium.
In addition, after analyzing the technical production process, the production standard time is
medium. If this order is produced into a sewing line with the following characteristics: a low number
of workers on the line, an average worker skill level of level 3, and a generally medium line balancing
efficiency. The attribute vector will be:

X = (Number of colors is medium, fabric weight is light, fabric surface is slippery, fabric elasticity is
medium, standard time is medium, number of workers is little, average skill levels is level 3, and line
efficiency is medium).
Classification is to derive the maximum a posteriori P(C;|X), then:
P(Under capacity|X) = P(X|Under capacity) x P(Under capacity)
= (0.24x0.32 x 0.40 x 0.47 x 0.50 x 0.28 x 0.81 x 0.68)
x 0.41 = 0.00046
P(Sufficient capacity|X) = P(X|Suf ficient capacity) x P(Sufficient capacity)
= (0.18x0.22 x 0.23 x 0.48 x 0.53 x 0.21 x 0.75 x 0.76)
x 0.37 = 0.00010
P(Excess capacity|X) = P(X|Excess capacity) x P(Excess capacity)
= (0.05x 0.20 x 0.04 x 0.05 x 0.05 x 0.01 x 0.36 x 0.03)
x0.21 = (1.08E —10) x 0.21

Based on the a posteriori, if order X is assigned to the sewing line with the above characteristics,
the probability of the order failing to meet the customer's production volume and delivery time
requirements is highest, because the a posteriori has the highest score.

In practice, this result demonstrates how the model serves as a quantitative decision-support tool
tailored to specific orders. During the order intake and production planning phase for a sewing line,
production managers can input the new order's attributes and the designated line's technical
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specifications. The model then outputs posterior probabilities for three capacity states: under
capacity, sufficient capacity, and excess capacity. Instead of providing a single point estimate for
average output, the model yields a probability-based classification that reflects the interplay between
order characteristics and sewing line specifications, thereby signaling potential risks before
production actually begins. In addition, the model’s rapid computation and reproducibility facilitate
the testing of various production planning scenarios. By re-running order data across different line
configurations, such as adjusting the number of workers, average skill levels, or line-balancing
efficiency, the production manager can identify the setup that shifts the posterior probability toward
a state of sufficient or excess capacity. Consequently, the production manager can not only decide
whether to accept an order but also determine how to reallocate resources to meet output targets
and delivery schedules.

The novelty of this approach becomes evident when compared with the experience-based
forecasting methods that remain prevalent in many clothing enterprises. Traditional practices often
rely on the subjective judgment of sewing line managers and historical average output data; such
methods are inherently subjective, difficult to replicate, and heavily dependent on individual
expertise. They typically treat orders as homogeneous, resulting in binary decisions (accept or reject)
without quantifying the associated uncertainty. In practice, the model transforms accumulated
experience into a data-driven operational tool, helping standardize and scale the application of expert
knowledge while ensuring consistency in handling diverse, increasingly flexible orders.

5. Conclusion

This research developed and evaluated a data-driven model to forecast the production capacity
of sewing lines in the clothing industry, employing a Naive Bayes classifier to link order characteristics
with production line parameters. Instead of treating the 5M+1E framework merely as a qualitative
tool for root cause analysis, the study restructured its elements into two groups, including order
characteristics and production line characteristics, which are practically measurable during
operations, using them as inputs for the forecasting model. This approach establishes a practical
bridge between a widely recognized quality management diagnostic framework and quantitative data
mining processes. In contrast to the company's existing method, which estimates capacity based on
historical average output while overlooking the specific complexity of individual orders, the proposed
model forecasts capacity at three levels: under capacity, sufficient capacity, and excess capacity for
each order-production line pairing. The model generates probabilistic outputs, directly supporting
decisions regarding order acceptance or rejection and resource reallocation amidst various
uncertainties.

The model was trained and evaluated on data from 463 historical orders at a Vietnamese clothing
company, using cross-validation. Results indicate an overall classification accuracy of 68.3%.
Performance varied significantly across the groups: the “Excess Capacity” group was predicted with
the highest reliability (true positive: 0.94; precision: 0.98), whereas the “Under Capacity” group (true
positive: 0.65; precision: 0.64) and, in particular, the "Sufficient Capacity" group (true positive: 0.58;
precision: 0.58) proved more difficult to classify accurately. One limitation of the study is that the
model was developed based on a single dataset comprising 463 orders from a specific factory
production line. The limited sample size, low product diversity, and scope restricted to a single factory
affected the statistical reliability for groups with smaller sample sizes, as well as the model's
applicability to other product types and factories. Future efforts to improve model accuracy and
practical applicability could involve expanding the dataset in both size and product diversity to
enhance reliability for capacity groups that yielded lower prediction performance. Additionally, the
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Naive Bayes approach could be evaluated and compared against other machine learning algorithms,
such as decision trees (J48), random forests, and ensemble learning methods. Furthermore,
incorporating additional predictive variables, such as dynamic line balancing efficiency or worker
learning effects, could more accurately reflect the specific characteristics of the sewing production
line.
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