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A COMPREHENSIVE MODEL FOR DETERMINING TECHNOLOGICAL
INNOVATION LEVEL IN SUPPLY CHAINS USING GREEN INVESTMENT,
ECO-FRIENDLY DESIGN AND CUSTOMER COLLABORATIONS FACTORS

RAZIEH BEIGIZADEH!, AIDIN DELGOSHAEI**, MOHD KHAIROL ANUAR ARIFFINZ,
SEPEHR ESMAEILI HANJANI® AND AHAD AL

Abstract. Technological innovations play a crucial role in designing an effective green supply chain.
However, it is crucial to know the factors influencing technological innovation in a green supply chain.
Some preconceptions show that technological innovation in a business can be affected by internal
and external factors, and therefore there must be correlations between such factors to flourish the
technological innovation and, subsequently, the green supply chain. Besides, predicting the technological
innovation level in a supply chain can be vital and direct it to the Industry 5.0 goals. In this research,
a 3-phased framework will be proposed to predict the Technological Innovation Level of Green Supply
Chains. The scope of this research includes Green Investment, Eco-friendly Design and Customer
Collaborations. In the 1st phase of the framework, dependent and independent factors considering the
scope of the Research will be determined; and then, using statistical data analysis, the weight of factors,
which reflects their impact on technological innovation (dependent factor), will be determined. Then,
in the 2nd phase, a comprehensive model will be developed and trained. Using the data of supply
chains that were gathered in the first phase, the train and test data would be selected. In continuation,
the model will be trained and its performance will be evaluated using some metrics. Then, in the
last phase (phase 3), the developed model will be used to predict the technological level of supply
chains. The outcomes of this research can help top managers of supply chains to predict the level
of technological innovation by investing a certain budget in improving the dependent variables. The
outcomes demonstrated that Customer Collaboration (0.481), Eco-friendly design (0.419) and Green
Investment (0.41) have significant impacts on technological innovation improvement in the studied
cases, respectively. Besides, the results showed the superiority of the K-nearest Neighbor algorithm
while using the Minkowski distance method and considering 5 neighbors. The findings indicated that
the proposed framework could predict Technological Innovation with 0.751 accuracies. The outcomes of
this research can be helpful for industry owners to predict the expected technological innovation level
of their system by investing a certain budget in green investment, eco-friendly design and customer
collaborations in their enterprises.
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1. INTRODUCTION

Since the Industrial Revolution, manufacturing operations have wreaked havoc on the environment, disregard-
ing nature, creating industrial waste, altering ecosystems, and depleting natural resources. Although there are
hints that firms are becoming more environmentally conscious; nonetheless, some are still significant problems
that happen due to such massive ignorance [15,22].

During the last two decades, polemic legislation set to deter many companies in developed countries from
harming the environment, there are still many barriers to overcoming such significant shortcomings in less
developed industrial environments. Perhaps the reason behind such an unsuccessful result is twofold. Firstly,
the existence of industry-specific barriers (i.e., related to some of the broader joint external forces in the industry)
and secondly, emerging organizational barriers (i.e., related to internal barriers experienced in an organization)
[15]. Perhaps, one solution for preventing such problems is green supply chain management. Green supply chain
management that the Michigan State University first introduced Industrial Research Association in 1996 aims
to protect the environment in supply chains throughout all stages of the life cycle of a product, from supplier
selection to product use and recycling.

The drivers of an organization’s move towards a green supply chain vary from suppliers, raw materials,
manufacturing process, storage and transportation, and recycling. They strictly depend on the type of products
and services provided by a supply chain. However, external factors such as laws and regulations and competitors
influence the managerial decisions in a green supply chain [39)].

While internal drivers come into consideration, the recent studies showed that a strong correlation existed
between green supply chain management success and the level of applied technology innovation (T.I) [30]. Tech-
nological innovation causes more reliable production processing from the early stages of a supply chain, yielding
less environmental damage [17]. Consequently, T.I results in increasing sustainability features. Recent studies
show that technological innovation flourishing in a supply chain depends on many factors, including top man-
agement commitments, eco-friendly design, investment recovery, Green Purchasing, and customer collaboration
[21].

In recent years, one of the major issues that manufacturing organizations usually face is how to improve their
sustainability level to prevent legal fines by governments. T.I can be a solution. It can boost material usage,
reduce wastage and improve the system’s performance [32]. The synergies between environmental considerations
and supply chain management allow supply chains to improve their environmental productivity, quality, and
performance through the continuous flow of information. On the other hand, Yi and Xiao-li [40] showed that
T.I improvement can lead to more sustainable developments.

Therefore, finding a way to predict the level of required T.I in a supply chain is vital. However, achieving a
certain level of T.I requires a comprehensive understanding of various supply chain features to be considered a
good strategy to switch from old technology and get relief from related troubles.

Therefore, this research tries to answer two crucial questions in green supply chains: “what are the effective
drivers of a successful green supply chains management?” and “how much and where should top managers of
supply chains should invest in improving their technological innovation level?” The present research tries to find
the answer to the aforementioned questions by focusing on internal drivers in green supply chains.

Although the outcomes of this research can be generalized to manufacturing systems; however, the scope
of this research is green supply chains. Besides, this study only focuses on the internal drivers of T.I in green
supply chains, which can be considered the limitation of this research.

1.1. Motivations and novelties of the research

The motivation and novelties of this research are to propose a new design model to predict the technological
innovation level in supply chains by considering top management commitments, eco-friendly design, and cus-
tomer collaborations. This approach motivates top managers to determine the level of investments in T.I drive
to achieve a certain level of technological innovation. For this purpose, a number of opted research studies will
be investigated in continue.
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2. LITERATURE REVIEW

Flourishing in technological innovation depends on many internal and external factors. The level of inno-
vation that can be expected from a business depends on potential capabilities in various supply chain areas.
Lam et al. [19] discussed the existence of dynamic and multistage correlations between innovation and organi-
zational factors. Consequently, by upgrading the technologies, recognizing and boosting the level of elements of
a green supply chain will create a value chain that satisfies both customers’ needs and environmental protection
requirements [10]. Macchion et al. [24] and Macchion et al. [25] analyze the adoption of environmental sustain-
ability practices and collaboration along the supply chain to achieve better innovation performance. Besides,
technological innovation is a consequence of personal innovation. Delgoshaei et al. [8] discussed that personal
and impersonal factors can play key roles in an expert’s creativity level in a supply chain.

Scientists classified organizational innovation based on process, product, and technology level [29]. While
improving technological innovation comes into consideration, Green investments supported strongly by top
management play a vital role in providing a better environment to support the organization’s future [3]. Many
studies have shown that senior management support has played an important role in accepting and disseminating
innovations in the organization [36]. On the other hand, the green investment will cause a flourishing economic
status by using less energy and more productivity [12]. Zhang et al., [41] showed that management innovation
and T.I positively affect a system’s performance.

Delgoshaei et al. [9] propose a fuzzy-based algorithm for determining a supply chain’s rivals’ strategy in
uncertain market demand conditions. They showed that using strategic planning can help take correct action
against rivals. Lee et al. [21] stated that setting up total quality management will cause increasing innovation
speed, resulting in better market share. Senior management’s role and other functional cooperation throughout
a supply chain were proved before in novel field studies [20,43]. Top management decisions can be considered
an initial step in green supply chain management by taking accountable and efficient technological strategies
that are in line with the green policy of a supply chain [2].

Eco-friendly design is another valuable and emerging tool for a green supply chain that addresses a product’s
capabilities while reducing the adverse environmental impacts on the universe [4,23,38]. To prevent these
problems in the design, supply, production, and distribution of products, the environment and its protection
should be considered [16,20]. Lee et al. [20] stated that using up-to-date technologies in manufacturing products
that are less harmful to the environment at the same time makes them more competitive. However, in its
initial step, Eco-friendly design mainly focuses on the technical upgrading of products and processes to reduce
environmental costs [43]. Thus, Eco-friendly design can impact the level of technology that should be applied in a
supply chain [20] by affecting material selection, processing technology, required machinery, transportation, and
logistics, required human resources, material reuse, and recycling [6,7,27]. On the other hand, the environmental
regulations and rules that prevent manufacturers from using harmful technologies are another reason for paying
attention to the Eco-friendly design. For instance, since most electrical products sold in Europe are made
in China, Chinese companies are responsible for following European rules, such as avoiding the use of certain
prohibited substances [43]. Eltayeb and Zailani [11] A study in Malaysia examined the correlation between green
supply chain schemes and performance outcomes (i.e., environmental, economic, operational, and intangible)
among 569 companies that were ISO14001 certified.

Customers are unignorably part of a chain value. The customers’ needs will affect the design and functions
of the products of a supply chain and all activities that will be done throughout the chain network. Companies
are increasingly focusing on the needs of their customers and developing value-added products and services that
can meet those needs. Collaborating with customers on environmental issues is defined as solutions in the supply
chain cycle [42]. By working closely with customers for environmentally friendly design, cleaner production, and
green packaging, companies can release new products while demonstrating environmentally-friendly innovation
Chong and Ooi [5]. There is a wide range of characteristics and different behavioral aspects of green consumers,
a comprehensive and innovative combination of numerous studies, and the effect of religious commitment (in
terms of value) on green shopping behavior [32]. The terms Collaboration with customers in this study matches
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with the research of Zhu and Sarkis [42], Zhu et al. [43], and Lee et al. [20], where components such as customer
collaboration for environmentally friendly design in a company, cooperation with the customer for cleaner
production in the company, cooperation with the customer for green packaging in the company are taken into
consideration. Therefore, stronger collaborations with customers to identify their needs and design, manufacture
and distribute the products accordingly will affect the technology and innovation that a supply chain must use.
As a result, customer collaboration will be considered another important factor influencing the technological
innovation level in a green supply chain.

Using Green Materials for satisfying the environmental requirements in a supply chain is unavoidable [44].
On the other hand, most modern technologies require materials of higher quality, which leads to significant
improvements in the environmental performance of companies while maintaining quality and cost objectives.
Using green materials along with modern technology causes less wastage. Kapetanopoulou and Tagaras [18]
showed that developing countries usually do not prioritize investment recovery systems because their waste
management policies and crop recovery activities are not well established. Lee et al. [20] investigated the role
of investment recovery on technological innovation.

Besides, Supervised algorithms showed excellent performance in forecasting and identifying level for various
purposes in manufacturing systems and supply chains. There are novel references that show the successful appli-
cation of supervised algorithms in risk assessment [1]; product distribution [13]; sustainable entrepreneurship
[26,28]; time forecasting [37] and bullwhip effect [33] in supply chains. Therefore, it can be ideal for predicting
the technological innovation level of a green supply chain. Delgoshaei et al. [9] propose a fuzzy-based algorithm
for determining a supply chain’s rival’s strategy in uncertain market demand conditions. They showed that
using strategic planning can help take correct action against rivals.

An in-depth review of the literature shows that although invaluable research activities have been carried out
on green investment, customer collaboration, and eco-friendly design, these variables’ impact on the expected
technological innovation level has not been addressed yet. Therefore, this research aims to develop a design-based
model to find the impact of the mentioned factors on the technological level of a green supply chain.

The main purposes of this research are twofold. The first is to find the impacts of Customer Collaboration,
Green Investment, and Eco-friendly Design on Technological Innovation Improvement in Green Supply Chains.
The second purpose is to propose a model to predict the technological innovation level of a supply chain by
investing a certain amount of budget in Customer Collaboration, Green Investment, and Eco-friendly Design.
Such a framework can help stakeholders invest in the supply chain with more confidence while they can see the
results of their investment in the technological innovation level of the supply chain.

The outcomes of this research can be helpful for industry owners to predict the expected technological
innovation level of their system by investing a certain budget in Green Investment, Eco-friendly Design, and
Customer Collaborations in their enterprises.

3. RESEARCH METHODOLOGY

In this section, a 3-phase framework will be proposed for predicting the technological innovation level of
supply chains. In the 1st phase of the framework, dependent and independent factors considering the research
scope will be determined. Then, using statistical data analysis, the weight of factors, which reflects their impact
on technological innovation (dependent factor), will be determined. Then, in the 2nd phase, a new model will
be developed and trained. Using the data of supply chains gathered in the first phase, the train and test data
would be selected. In continuation, the model will be trained, and its performance will be evaluated using some
metrics. The performance of the used new algorithm will be evaluated by comparing it with other algorithms.
Then, in the last phase (phase 3), the developed model will be used to predict the technological level of supply
chains. Using the outcomes of the developed model can help top managers of supply chains to predict the level
of technological innovation by investing a certain budget in improving the dependent variables. The flowchart
of the proposed framework is presented in Figure 1.
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FI1GURE 1. Flowchart of the proposed framework.

3.1. Novelties of the proposed method compared to the recent relevant references

Using the supervised methods for predicting T.I level in a green supply chain can be considered the main
novelty of the Research. With the outcomes of the proposed method, the top managers can determine the best
amount of investing in green materials, designing eco-friendly products, and expanding the correlations with
their customers if they want to achieve a certain level of technological innovation.

Table 1 shows the contribution of the current research compared to the relevant references in the literature.

4. DATA GATHERING AND ANALYTICS (PHASE 1)

The first phase of the proposed framework is data gathering and statistical analysis. This section is designed
to analyze the collected data. The first activity is to determine the required number of samples for statistical
Analysis (Sect. 4.3). Since the domain of this study is in north Malaysia, the supply chains in this region are
considered. Then, in Section 4.5, the validity of the questionnaire must be examined using Cronbach’s Alpha to
see if the questions are valid enough to be used for Statistical Analysis. In the next step, descriptive analyses
will be done for each variable to get general information about them, such as the mean, standard deviation,
and the minimum and maximum values they can get. This section can help determine any abnormal status in
variables (such as considerable standard deviations). In the next step, the normality of each variable will be
examined using Kolmogorov—Smirnov Normal Test (Sect. 4.2). In the next step, the statistical hypotheses of the
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TABLE 1. Comparing the contribution of this research with the most relevant opted references.

Ref. Scope Contribution Case study Main findings
Yi and Xiao-li  Technological  Sustainable Development Regression Analysis  Regional Technological Innovation Improving can lead to
[40] Innovation sustainable developments
Zhang et al. Technological ~ Organization Performance Empirical evidence The impacts on system performance by using a certain
[41] Innovation Improvement collected from 304 level of management and technical innovation
Asian CEOs and
top managers

Zhu et al. [43] Green Invest- Measuring the green supply 341 Chinese manu- A validated measurement scale can help evaluate the

ment chain implementation facturers strengths and weaknesses in different facets of imple-

menting GSCM practices in supply chains

Luo et al. [23]  Eco-friendly Role of different unit’s 222 Chinese manu- Buyer-seller relationship and competitive environment

Design and cooperation in the success facturing organiza- influence green supply chain collaboration

Customer of Eco-friendly design in tions

Collaboration  green supply chains
Zhu and Drivers of Collaborating with 118 case studies They found Chinese Manufacturing systems have a dif-
Sarkis [42] International ~ customers on environmental from Chinese GSC  ferent environment that influences the GSC drivers

wide GSC issues is a crucial step in

setting up a successful
supply chain cycle

The current Technological ~ Prediction of Expected 254 Malaysian Sup- 1. Customer Collaboration, Green Purchasing and Eco-
research Innovation Technological Innovation ply Chains friendly Design have a significant impact on Technologi-

level of a green supply
chain by focusing on green
investment, eco-friendly
design and customer
collaboration

cal Innovation

2. The proposed new model can successfully predict the
technological innovation level of green supply chains by
investing a certain budget on green investment, eco-
friendly design and customer collaboration elements

research will be defined and examined using the ANOVA test (Sect. 4.3). Then, while the correlations between
technological innovation and independent variables of the research are proved, the weights of each variable will
be determined using a regression equation (Sect. 4.4).

4.1. Dependent and independent variables

When a body of information is gathered for research, it is first necessary to organize and summarize it in
a meaningfully understandable and relevant way. Descriptive statistical methods are used for this purpose. A
summary of the characteristics of descriptive statistics related to the variables used in this research is given in
Tables 4-6. The reported statistics include central indices and criteria, including mean, minimum, maximum,
and scatter indices of the standard deviation of the variables used in this study, extracted using SPSS 18
software.

4.2. Statistical population

A statistical population is a set of individuals or units with at least one common attribute. Usually, in
any research, the study population is a statistical population that the researcher wants to study about the
attribute(s) of the variables of its units. The statistical population of this research is medium and small supply
chains, as mentioned in the next section (Sect. 4.3).

4.3. Sample size

In order to determine the statistical population size for the proposed method, the Cochran formula is used.
The Cochran formula was firstly used in 1963 for determining sample size [34]. For this purpose, the medium-
and large-scale supply chains in industrial zones in different North Malaysia states have been considered (the
year 2020). According to the statistical values available in the county, there are 752 medium and large-scale
factories in the food and wooden sectors that are available and active that can be considered. Since the statistical
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population is known, Cochran’s formula for limited communities was used to determine the sample size, which
is as follows.

N x 225 x o?
e?(N-1)+ ZQ% X o2
752 x (1.96)% x (0.249)
n = =
0.052(752 — 1) + (1.96)° x (0.249)

n =

(4.1)

(4.2)

where 02 is the variance of the sample size; N is the size of the total experts in construction companies (we
assume 1000 experts in K.L); n is the size of the statistical society; € is the tolerable error (0.05) and zg is the
standard function value (1.96). According to Cochran’s formula, the statistical sample size of 254 companies
was obtained where these values can reflect the reality of data with 95% reliability based on statistical formulas
as presented in Section 4.

4.4. Data gathering method
In this research, the following methods have been used to collect data:

— Scientific books and dissertations.
— Use of internal and external articles.
— Using a questionnaire.

The method of collecting research data is the field study, and the primary tool used in this research is a
questionnaire. A questionnaire survey collects data from individuals using a formal questionnaire or interview
guide (Tab. 2).

The conceptual research model data is collected through a field survey of people in managerial positions
familiar with environmental issues and operations in manufacturing companies in an industrial area. In the
questionnaire that companies have completed, the items that measure the dimensions of the conceptual research
model are modeled as follows from previous Research.

Three dimensions of green supply chain management methods (Green Investment and Green Customer Col-
laborations) were used in this research after a detailed review of the research of Zhu et al. [43] and Lee et al.
[20] used a total of 9 items and were measured against three green supply chain management methods. Nine
items were also used to evaluate corporate technology innovation. These items were adapted from the research
of Prajogo and Sohal [31], Singh and Smith [35], and Chiou et al. [4].

All items are measured by answers on a 5-point Likert scale with statements including strongly disagree =
1 to agree = 5 strongly. This study uses multiple regression to investigate the factors affecting technological
innovation in green supply chain management in this field. The research questionnaire to examine the factors
affecting green supply chain management (case study: manufacturing companies in an industrial area) is shown
in Table 2.

4.5. Reliability and validity

Research questionnaires are considered standard questionnaires in terms of repetition in multiple types of
research and have the necessary validity. Reliability is concerned with how measuring instruments produce the
same results under the same conditions. Alpha less than 6.0 usually indicates poor reliability; 6.0 to 8.0 is
acceptable, and higher than 8.0 indicates high reliability. Obviously, the closer this number is to one, the better.
In this study, to measure the reliability of the questionnaires, the formula for calculating Cronbach’s alpha is

as follows.
2
Te = J {1— ZSZ’] (4.3)

J—-1 52

J: Number of questionnaire subset questions.
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TABLE 2. Categorizing the common problems in line with the defined variables.

Independent variables
Eco-friendly design

Dependent variable
Technological Innovation

Green Customer
Collaborations

Green Investment

The company can produce products
with novelty features.

There is cooperation
with the customer
for environmentally

There is a product
design to reduce mate-
rial/energy consumption

Improve investment
(sales) or
inventory /additional

materials in the com-
pany is appropriate.

in the company.

friendly design in
the company.

The company uses the latest tech-
nology to produce a new products.

Product design is
suitable for the reuse,
recycling, and recycling
of materials, parts, and
components.

The speed of production of a new
product is fast enough/competitive
enough.

Work with the
customer to produce
cleaner in the
company.

Waste and materials
used in the company
are sold.

Additional capital
equipment is sold in
the company.

The company has enough new prod-

. . ucts to introduce to the market.
There is cooperation

with the customer
for green packaging
in the company.

Product design is
appropriate to prevent or
reduce hazardous
products and/or their
production process in
the company.

The company has new products
that have a leading position in the
market.

The company is technologically
competitive.

The company uses up-to-date/new
technologies in the process.

The company quickly adopts a pro-
cess with the latest technological
innovations.

Processes, techniques, and technol-
ogy are changing rapidly in our
company.

TABLE 3. Reliability results using Cronbach’s test.

Variable Related questions Cronbach’s
in the questionnaire alpha
Green Investment in supporting green supply chain  1-2-3 0.885
Environmental design compatibility 4-5-6 0.900
Green Customer Collaborations 7—-8-9 0.896

S?%: The variance of the scores of each subset.

S;: Total variance.

Cronbach’s alpha coeflicient indicates this questionnaire’s sufficient reliability (Tab. 3). The reliability coefficient
of the questions related to the research variables separately (alpha coefficient of Green Investment is 0.885, alpha
coefficient of Eco-friendly Design 0.900, alpha coefficient of Green Customer Collaborations 0.896, and alpha
coefficient of Technology Innovation 0.964 indicate the reliability of the questions of these elements.
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TABLE 4. Description of the component of variables of the research.

Variable Quantity Minimum Maximum Mean Std. var.
Green Investments 254 1.33 5 3.36 0.576
Environmental design compatibility 254 2 5 3.43 0.548
Green Customer Collaborations 254 1 5 3.15 0.652

100

Frequency

Frequency

FIGURE 3. Histogram of the “Environmental design compatibility” variable.

4.6. Descriptive analysis of the variables

This section analyzes the descriptive Analysis to learn more about the variables and their status in the
statistical society (Tab. 4 and Figs. 2-4).

4.7. Kolmogorov—Smirnov test (K-S)

This test is a distribution compatibility test for quantitative data. Suppose a researcher has a sample of metrics
and wants to determine if it is a sample of a normally distributed society. The normality test of distribution is
one of the most common tests for small samples that the researcher doubts are normal. For this purpose, the
K-S test is a practical test. In SPSS software, this test matches four different distributions of normal, Poisson,
exponential and uniform. This method is based on the difference between the relative cumulative frequency
of observations and the expected value under the assumption of zero. Hypothesis zero states that the selected
sample has a normal distribution (Poisson, exponential, or uniform). Kolmogorov—Smirnov test to match the
distribution, compare the cumulative probabilities of the values in your data set with the cumulative probabilities
of the same values in a particular theoretical distribution. If the difference is significant enough, this test will
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Frequency

FI1GURE 4. Histogram of the “Green Customer Collaborations” variable.

TABLE 5. The outcomes of the Kolmogorov—Smirnov test calculations for Green Purchasing.

One-sample Kolmogorov—Smirnov test

Green Eco-friendly = Green Customer Technological
Investments  Design Collaborations Innovation
N 30 30 30 30
Normal parameters®? Mean 3.5889 3.6000 3.3667 3.2815
Std. Deviation 0.58515 0.61526 0.57635 0.63577
Most extreme differences  Absolute 0.176 0.169 0.238 0.196
Positive 0.176 0.169 0.238 0.171
Negative —0.159 —0.142 —0.196 —0.196
Kolmogorov—Smirnov Z 0.965 0.923 1.302 1.072
Asymp. Sig. (2-tailed) 0.309 0.361 0.067 0.201

Notes. (YTest distribution is Normal. ) Calculated from data.

show that the data does not match one of the theoretical distributions. In this test, if the decision criterion
(p-value) is less than 5%, the null hypothesis is rejected, i.e., the data cannot be from a specific distribution
such as normal, Poisson, exponential, or uniform.

The null and void hypotheses in the Kolmogorov—Smirnov tests are as follows:

HO : The data for the variable follows the normal distribution
H1 : The data for the variable does not follow the normal distribution.

The results of the test of normality of research variables are as described in Table 5:

As shown in Table 5, it can be seen that the level of significance obtained is more than 0.05, so all research
variables in the sample have a normal distribution.

The Cronbach’s alpha results for the variables show that the questions are reliable enough to be used for
statistical society. Then, the standard deviation values presented in Table 6 show that most responders have
close ideas about questions. Besides, no outlier is found after data gathering, which represents the user data are
real bile at the level of confidence of 95% (1 — a = 0.95).

4.8. Statistical hypotheses

The hypothesis for the first variable is now defined as follows:

HO : Green Investments have a significant impact on Technological Innovations
H1 : The Opposite side is true.
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TABLE 6. The impact of Green Investments on Technological Innovation.

Variable Quantity  Correlation Coefficient of  Significant  Result
coefficient determination level
Green Investments 254 0.376 0.141 0.000 Approved

TABLE 7. Results of ANOVA test (Green Investments versus Technological Innovations).

ANOVA®
Model Sum of squares df Mean square F Sig.
1 Regression 14.165 1 14.165 41.506  0.000*
Residual 86.001 252 0.341
Total 100.166 253

Notes. (Y Predictors: (Constant), Green Investments. () Dependent Variable: Technological Innovation.

TABLE 8. Achieved coefficients for calculating regression formula (Green Investments versus
Technological Innovations)

Unstandardized Standardized

Model coefficients coefficients t Sig.
B Std. Error Beta
1 (Constant) 1.679 0.217 7.738  0.000
Green Investments 0.410 0.064 0.376 6.442  0.000

Notes. (a>Dependent Variable: Technological Innovation.

As shown in Table 6, it can be seen that the level of significance obtained is less than 0.05, so this correlation
is significant. The intensity of the correlation between the two variables of Green Investments and Technology
Innovation is 0.376, which indicates a direct correlation between the two variables. Also, according to the beta
weight, the regression equation is as follows (Tabs. 7 and 8):

E(Y) = 1.679 + 0.410X1. (4.4)

On the other hand, the coefficient of determination between the two variables equals 0.141, which shows that
the variable of investment improvement by 14.1% can predict technological innovation. Therefore, improving
investment with technological innovation has a positive and significant effect. According to testing the research
hypotheses with SPSS 18 software, the correlation coefficient and the probability obtained between the two
variables of investment improvement with technological innovation are equal to 0.376 and 0.000, respectively.
The results show that, at a 95% confidence level, there is a positive relationship between investment improvement
and technological innovation. Furthermore, their relationship is significant according to the obtained significance
levels (p = 0.0000, Sig. < 0.05).

On the other hand, the coefficient of determination between the two variables equals 0.141, which shows that
the variable of investment improvement by 14.1% can predict technological innovation. Therefore, improving
investment with technological innovation has a positive and significant effect, so that with increasing invest-
ment improvement, technological innovation also increases in the company. The results suggest that the firm’s
additional resources can be converted into revenue if the unused assets are resold, reducing the need to store
and generate additional revenue. The study Kapetanopoulou and Tagaras [18] showed that developing countries
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TABLE 9. The impact of Eco-friendly design on Technological Innovation.

Variable Quantity Correlation Coefficient of  Significant Result
coefficient determination level
Eco-friendly design component 254 0.392 0.154 0.000 Approved

TABLE 10. Results of ANOVA test (Eco-friendly design versus Technological Innovations).

ANOVA®
Model Sum of squares df Mean square F Sig.
1 Regression 15.396 1 15.396 45.770  0.000*
Residual 84.770 252 0.336
Total 100.166 253

Notes. (Y Predictors: (Constant), Eco-friendly design. (”’Dependent Variable: Technological Innovations.

TABLE 11. Achieved coefficients for calculating regression formula (Eco-friendly design versus
Technological Innovations).

Unstandardized Standardized

Model coefficients coefficients ¢ Sig.
B Std. Error  Beta
1 (Constant) 1.621 0.215 7.532  0.000
Eco-friendly design  0.419  0.062 0.392 6.765 0.000

Notes. (YDependent Variable: Technological Innovations.

do not prioritize investment recovery systems. As waste management policies and their recovery activities are
not well established, companies are hesitant to leave on this trip. However, our results show that companies in
Malaysia and other developing countries need to change their mindset and implement investment improvement
strategies in their supply chain.

The second variable can be examined using the following hypothesis:

HO : Eco-friendly design has a positive and significant effect on technological innovation
H1 : The Opposite side is true.

As shown by Table 9, it can be seen that the level of significance obtained is less than 0.05, so this correlation
is significant. The intensity of the correlation between the two Eco-friendly designs and technology innovation
is 0.392, which indicates a direct correlation between the two variables. Also, according to the beta weight, the
regression equation is as follows (Tabs. 10 and 11):

E(Y) = 1.621 + 0.419X1. (4.5)

The coefficient of determination between the two variables is equal to 0.154, which shows that the Eco-friendly
design variable of 15.4% can predict the variable of technological innovation. Therefore, Eco-friendly design is
positively and significantly related to technological innovation.

Hypothesis 2: FEco-friendly design with technological innovation has a positive and significant effect.
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TABLE 12. The impact of Green Customer Collaborations on Technological Innovation.

Variable Quantity Correlation Coefficient of  Significant Result
coefficient determination level
Green Customer Collaborations 254 0.672 0.451 0.000 Approved

According to testing the research hypotheses with SPSS 18 software, the correlation coefficient and the
probability obtained between the two Eco-friendly design variables with technological innovation are equal to
392.0 and 000.0, respectively. The results show that reliability level has a 95% positive correlation between
Eco-friendly design and technological innovation. Furthermore, the correlation between them is significant
(p=0.0000, Sig. < 0.05). On the other hand, the coefficient of determination between the two variables is equal
to 154.0, which shows that the Eco-friendly design variable of 4.15% can predict the variable of technological
innovation. Therefore, Eco-friendly design has a positive and significant impact on technological innovation, so
with the increase of Eco-friendly design, technological innovation also increases in the company. The results
indicate that by considering Eco-friendly design as a critical factor in green supply chain management, a com-
pany’s environmental performance can be improved and reduce the environmental effects of the life cycle. Our
study shows that products designed with environmental concerns are the primary target. For example, reducing
materials or energy, reusing/recycling, avoiding hazardous chemicals that are significantly more likely to be
innovative, with novelty features that come first in the market.

Therefore, the second hypothesis of the research that Eco-friendly design has a positive and significant effect
on technological innovation is accepted. This hypothesis is consistent with the research of Zhu et al. [43] and
Lee et al. [20].

Finally, the last impacts of the variable can be defined as below:

HO : Green Customer Collaborations have a positive and significant effect on technological innovation
H1 : The Opposite side is true.

As shown in Table 12, it can be seen that the level of significance obtained is less than 0.05, so this correlation
is significant. The intensity of the correlation between the two variables of Green Customers Relations and
Technology Innovation is 0.672, which indicates a direct correlation between the two variables. Also, according
to the beta weight, the regression equation is as follows (Tabs. 13 and 14):

E(Y) = 1.425 4+ 0.481X1. (4.6)

On the other hand, the coefficient of determination between the two variables equals 0.196, which shows that
the Green Customer Collaborations variable of 45.1% can predict the technology innovation variable. There-
fore, buying green with technological innovation has a positive and significant effect. According to testing the
research hypotheses with SPSS 18 software, the correlation coefficient and the probability obtained between
the two variables of green purchasing with technological innovation are equal to 0.672 and 0.000, respectively.
The results show a 95% confidence that there is a positive relationship between customer collaboration and
technological innovation. Moreover, their relationship is significant according to the obtained significance levels
(p = 0.0000, Sig. < 0.05).

On the other hand, the coefficient of determination between the two variables is equal to 0.451, which shows
that the variable of cooperation with customers by 45.1% can predict technological innovation. Therefore, coop-
eration with customers with technological innovation has a positive and significant effect, so with increasing
cooperation with customers, technological innovation also increases in the company. The results suggest that
joint participation in environmental issues may improve the performance of companies. In other words, con-
sumers prefer green products.
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TABLE 13. Results of ANOVA test (Green Customer Collaborations versus Technological Inno-
vations).

ANOVA?®
Model Sum of squares df Mean square F Sig.
1 Regression 45.195 1 45.195 207.184  0.000*
Residual 54.971 252 0.218
Total 100.166 253

Notes. (Y Predictors: (Constant), Green Investments. () Dependent Variable: Technological Innovation.

TABLE 14. Achieved coefficients for calculating regression formula (Green Customer Collabo-
rations versus Technological Innovations).

Unstandardized Standardized

Model coefficients coefficients t Sig.
B Std. Error  Beta
1 (Constant) 1.013 0.145 6.987 0.000
Green Customer Collaborations 0.648 0.045 0.672 14.394  0.000

Notes. (“Dependent Variable: Technological Innovation.

4.9. Result analysis

This section collected data through a field survey of manufacturing companies in an industrial area. Therefore,
the statistical population of this study is medium and small manufacturing companies in an industrial area,
the number of which is 750 companies. In this study, the available non-probability sampling method was used,
and according to Cochran’s formula, the statistical sample size was 254. In the questionnaire completed by
the companies, the items that measure the dimensions of the conceptual research model are modeled as follows
from previous research. Three dimensions of green supply chain management methods (Green Investments, Eco-
friendly Design, and Green Collaborations with Customers) were used in this research after a detailed review
of research by Zhu et al. [44] and Zhu et al. [43].

4.9.1. Outcomes of hypotheses

According to the obtained coefficients and significance level, the following results were obtained:

— The first hypothesis of the research is that the commitment of senior management to Top Management
Commitments to technological innovation has a positive and significant effect.

— The second research hypothesis is accepted that Eco-friendly design has a positive and significant impact on
technological innovation.

— The third research hypothesis is accepted that green shopping has a positive and significant effect on tech-
nological innovation.

5. THE PROPOSED MODEL (PHASE 2)

After determining the effective factors on the technological innovation level of a supply chain, in this phase
(phase 2), a new design-based model will be developed for predicting the technological innovation of the green
supply chains using Python. Python is among the most powerful applications that provide a comprehensive and
robust basis for design algorithms.
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. Importing the Required Libraries ]
5 Importing the data set

;0 Feature Selection (Normalizing Features)

| Data Preprocessing }
5 | Developing the Algorithm }
6 Setting the Parameters of the algorithm ]
;" Specify Train and Test Data

g Learinign Process

g | Predict using Test Data }
0 Calculate Algorithm Score }

Dﬁ « Predicit Using Actual Values }

FI1GURE 5. The block diagram of the proposed algorithm.

5.1. Libraries of Python

For this purpose, the following Libraries will be used:

Numpy: for support for large-scale data and multidimensional arrays and matrices.

— Pandas: for using data sets and data frame.

— Scipy: for modules for optimization, linear algebra, integration, interpolation, special functions.
— Matplotlib: for drawing graphical views of the outcomes of the model.

— Sklearn: for using ML methods.

5.2. Jupyter as the platform of Python

Jupyter is one of the most powerful platforms for coding algorithms with Python. It is free and open-source
and has been widely used throughout the past years. One dominant feature of Jupyter is testing the outcome of
each script line exactly below it during the coding process. It helps algorithm developers to examine each line
before going further.

5.3. Block diagram of the proposed algorithm

Figure 5 will show the process of developing the proposed algorithm.

5.4. Data in use

This section uses a CSV file containing 421 data, where 254 data from Section 4.3 is used, and the rest are
generated by Python for training and evaluating the model. The dataset will be imported into Python (Fig. 6).
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In [2]: | TIData=pd.read_csv('D://1. Papers//1- Manuscripts//3- Supply Chain Management//2- Under Review//7- Aidin//New//2//KNN//Data.csv',
TIData
»
out[2]
Row Green Investment Eco-friendly Design C i Tect i vation
0 1 10 10 2 3
1 2 1 2 1 3
2 3 2 3 10 2
3 4 4 1 6 1
4 D 7 7 6 5
416 417 & 7 3 1
M7 48 2 9 8 2
418 419 2 2 1 3
419 420 5 8 9 4
420 421 7 8 7 &
421 rows x 5 columns

FIGURE 6. Dataset in use.

In [39]: TIData.describe()
Out[39]:
Row Green Investment Eco-friendly Design Customer Relations Technologicallnnovation
count 421.000000 421.000000 421.000000 421.000000 421.000000
mean 210.959620 5.375297 5.524941 5572447 2750594
std 121.743488 2978775 2.890456 2.811981 1.646651
min  1.000000 1.000000 1.000000 1.000000 1.000000
25% 106.000000 3.000000 3.000000 3.000000 2.000000
50% 211.000000 5.000000 5.000000 6.000000 3.000000
75% 316.000000 §.000000 §.000000 §.000000 3.000000
max 421.000000 10.000000 10.000000 10.000000 10.000000

FIGURE 7. Descriptive analysis of the dataset.

5.5. Descriptive analysis

To continue and before further processing, the data must be described statistically. For this purpose, descrip-
tive Analysis is done using the Pandas library, as shown in Figure 7.

As shown in Figure 7, all responders answered all features thoroughly. Therefore, there is no need for a data
pre-processing step.

5.6. Test and train data selection

This research uses the “train_test_split” command of the sklearn library, the data is divided into two sections
where 70% of the data set will be used for training purposes, and 30% will be considered for training purposes
test data. The figure below shows the dimensions of the “Xtrain” and “Xtest” matrices (Fig. 8).
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In [3]: | X=TIData.iloc[:,[2,3]].values
X

Out[3]1: array([[18, 2],

[ 2, 1],
[ 3, 10],
[1, 6],
[7, 6],
[2, 8],
[7, 9L
[2 1],
[9, 2],
[9, 6],
[18, 1],
[5 4],
[ 1, 18],
[2, 5],
L9, 2],
[2, 4],
[7, 41,
[7, 8],
[4, 2], -
Fon -

In [4]: y=TIData.iloc[:,4].values

y

Out[4]: array([ 3, 3, 2, 1, 5, 2, 4, 2, 1, 5, 1, 2, 1, 1, 1, 3, 2,
3, 2, 3, 3, 1, 6, 4, 3, 3, 1, 3, 4, 2, 2, 5, 8, 5,
2, 4, 2, 6, 2, 4, 1, 4, 3, 2,18, 2, 4, 1, 3, 6, 3,
2, 1, 1, 3, 3, 2, 1, 1, 1, 2, 1, 1, 4, 1, 3, 2, 3,
i, 1, 2, 3, 4, 2, 2, 3, 1, 4, 7, 2, 2, 5, 2, 3, 1,
2, 2, 9, 1, 1, 1, 2, 2, 2, 5, 9, 4, 1, 1, 3, 1, &,
i, 9, 2, 1, 6, 3, 2, 1, 2, 3, 3, 6, 2, 3, 3, 2, 3,
2, 2, 3, 3, 2, 4, 2, 3, 3, 3, 4, 3, 3, 6, 3, 1, 1,
i, 2, 3, 2, 1, 1, 2, 3, 2, 2, 1, 3, 1, 3, 2, 3, 1,
2, 2, 1, 5, 3, 3, 3, 3, 3, 4, 3, 1, 2, 2, 5, 2, 8,
2, 3, 5, 3, 3, 3, 3, 4, 5, 3, 6, 1, 2, 2, 1, 5, 1,
7, 2, 3, 1, 3, 1, 1, 8, 3, 3, 2, 2, 1, 3, 2, 4, 3,
3, 1, 1, 2, 2, 3, 4, 3, 3, 3, 6, 2, 3, 3, 3, 3, 2,
2, 1, 3, 3, 3, 2, 1, 2, 2, 2, 3, 1, 1, 1, 1, 3, 3,
3, 2, 3, 6, 3, 3, 3, 2, 2, 1, 2, 1, 4, 2, 3, 6, 1,
i, 1, 3, 2, 2, 5, 3, 2, 2, 1, 3, 3, 1, 3, 2, 3, 1,
2, 1e, 4, 3, 3, 2, 2, 3, 2, 5, 1, 8, 2, 3, 3, 2, 3,
3, 2, 2, 3, 1, 2, 2, 2, 2, 1, 6, 5, 3, 1, 3, 2, 1,
2, 3, 2, 3, 1, 3, 1, 3, 2, 2, 2, 3, 3, 2, 3, 7, 6,
3, 4, 2, 3, 4, 1, 1, 1, 3, 4, 6, 1, 3, 3, 1, 2, 1,
3, 1, 4, 2, 3, 1, 1, 2, 3, 1, 7, 2, 6, 3, 3, 3, 1,
3, 2, 3, 3, 7, 1, 1, 2, 5, 1, 3, 5, 2, 3, 2, 1, 3,
4, 3, 3, 3, 8, 8, 7, 2, 2, 3, 2, 1, 1, 6, 3, 1, 3,
3, 2, 1, 2, 1, 3, 3, 2, 4, 1, 3, 3, 2, 5, 3, 2, 3,
3, 2, 3, 1, 3, 3, 2, 3, 1, 2, 3, 4, 5], dtype=ints4)

FiGURE 8. Clustering dataset into train and test sets.

5.7. Fitting process

KNN learning phase works based on calculating the distances (Minkowski, Manhattan, etc.) between a point
and all nearest data around it, depending on the number of predefined neighbors. Then, the label can be
estimated using the most frequently observed labels of the K-nearest data around the point.

This strategy is handy, specifically while data clustering according to the features is meaningful. In other
words, in a society where closer data have similar feature values, KNN works excellent.

5.8. Determine the best share of test and train split rate

Choosing the best amount of train and test share split is vital for boosting the accuracy of the proposed
algorithm. It can also show a valuable hint for recognizing the over-fitting or under-fitting. For this purpose,
using a “For” loop, the proposed KNN algorithm will be run ten times. In each iteration, the algorithm chooses
a specific test and train share. Table 15 shows the test and train split value in each iteration. Figure 9 indicates
that the algorithm’s performance will be maximized when the split rate is 0.3.
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TABLE 15. Test-Train split rate.

Iteration Test and train

split rate
1 0
2 0.05
3 0.1
4 0.2
5 0.25
6 0.3
7 0.35
8 0.4
9 0.45
10 0.5
0.85
0.80 1 \——*\,/»\///\
0.75 | S
> 0.70
Q 0.65
0.60 4
0.55 1
/ = Train Accuracy
050 4 Test Accuracy
2 a 6 8 10

Split Percentage

FIGURE 9. The accuracy of train and test data for the proposed algorithm.

5.9. K-nearest neighbors method

K-nearest Neighbor Algorithm (KNN) is one of the effective methods used for the classification and regression
of new data using a set of data used for training. This method has a very high ability to classify different groups
with high features and is a very efficient method.

The K-nearest Neighbor Algorithm method has been widely used in various engineering, medicine, and
management fields. The basis of this method is in the classification of different regions by cross-support vectors.
When drawing regional lines, it tries to select the most confident margins using various functions such as
exponential, polynomial, and sigmoid kernels that help classify the items in a better way.

5.10. Choosing appropriate number of neighbors

Choosing the correct number of neighbors in the KNN method plays a crucial role in its accuracy. Figure 10
indicates the different levels identified by KNN, while the number of neighbors is considered 5 and 10, respec-
tively. The model will provide a better levels in all paired features while the number of neighbors is considered
10.
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KNN with 5 Neighbours KNN with 10 Neighbours KNN with 5 Neighbours KNN with 10 Neighbours

Customer Relations
Customer Relations
Eco-friendly Design
Eco-friendly Design

Green Investment Green Investment Green Investment Green Investment

KNN with 5 Neighbours KNN with 10 Neighbours

Customer Relations
Customer Relations

Eco-friendly Design Eco-friendly Design

F1GURE 10. Comparing the regions while paired variables are taken into account.

5.11. Comparing Minkowski, Manhattan, Euclidean, and Cosine methods

KNN can be calculated using different distance methods. Although mostly they report almost the same results;
but, it is essential to choose the best distance method. Figure 11 compares Minkowski, Manhattan, Euclidean,
and cosine distance methods. It is shown that the difference between levels recognized by Minkowski, Manhattan,
and Euclidean methods is neglectable. For solving the test data, the Minkowski method will be used.

One crucial step that must be taken after evaluating the performance of the proposed model; and before
using actual data for predicting the Technological Innovation is to measure the model’s accuracy by calculating
the errors. For this purpose, Mean Absolute Error and Mean Squared Error is used (Tab. 18):

MAE = (%) S Viesr — Yred! (5.1)
MSE = (1) Y (it~ Vo) )

Using both MAE and MSE measures the model’s accuracy without considering the direction of the values, and
therefore some values may neutralize the effects of other values in the opposite direction. However, it can show
the average magnitude of the errors in a set of predictions, and therefore MAE should not be ignored (Tab. 17).

5.12. Comparing the performance of different supervised methods for the developed
model

In this section, the levels that KNN offer will be compared with a series of other methods, including Linear
Regression, Logistic Regression, Random Forest (RF), Naive Base (Gaussian NB), Support Vector Machine
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Minkowski Manhattan Euclidean

Customer Relations

Green Investment Green InvestmentGreen InvestmentGreen Investment

Minkowski Manhattan Euclidean Cosine

Eco-friendly Design

0 o o
o 10 o 10 o 10 o 10
Green Investment Green InvestmentGreen InvestmentGreen Investment

Minkowski Manhattan Euclidean Cosine

Customer Relations

10
Eco-friendly Desigico-friendly DesigBco-friendly DesigBco-friendly Design

FIGURE 11. Results of comparing Minkowski, Manhattan, Euclidean, and Cosine distance methods.

(SVM), and Multi-Layer Perceptron (MLP) (Fig. 12). The settings of the classifiers are shown in Table 16.
Using the settings of Table 16, the data is applied to the six well-known supervised methods to compare their
performance with the KNN. The outcomes are presented in Table 17.

Comparing different methods indicated that Logistic Regression could provide a base with higher accuracy
(0.525) and less Absolute Mean Error and Mean Squared Error simultaneously (0.86 and 1.4, respectively). The
recognized regions of technological innovation by different methods are shown in Figure 12.

Figure 12 shows the clustering of data using different methods. In this figure, 2 points are noticeable. First
is how strongly the method can identify the clusters, and the next is how it is sensitive to draw borderlines of a
cluster. However, the more complex designs (lines in a figure) does not necessarily mean better performance as
it may happen due to overfitting. In contrast, the very simple designs might happen due to under-fitting, which
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TABLE 16. Settings of the methods that are used for the developed model.

Row  Algorithm  Used settings

1 Linear clfl =linear_model.LinearRegression()
regression

2 Logistic clf2 = LogisticRegression(random_state = 1, solver = “newton-cg”, multi_class = “multinomial”)
regression

3 RF clf3 = RandomForestClassifier(random_state = 1, n_estimators = 100)

4 NB clf4 = GaussianNB()

5 SVM clf5 = SVC(gamma = “auto”)

6 MLP clf6 = MLPClassifier(solver = “Ibfgs”, alpha = le-5, hidden_layer sizes = (8, 3), random state =1)

7 KNN clf7 = KNeighborsClassifier(n_neighbors = 10, p = 2, metric = “minkowski”)

TABLE 17. Comparing the outcomes of different methods for the developed model.

Metric Linear ~—— Logistic — pp yp gypm MLP  KNN
regression  regression

Accuracy score 0.339 0.525 0.356 0.456 0.347 0.198 0.751

Mean absolute error 1.2 0.86 1.13 1.0 1.03 0.882 0.9

Mean squared error  2.266 14 2.266 2.13 1.9 1.399 1.366

means the training process did not carry out well. In Figure 12, Linear Regression, Logistic Regression, Naive
Bayes, and Multi-Layer Perceptron could provide more specific regions. However, these methods are under-
fitted and show less accuracy in clustering effective regions while Green Purchasing and Eco-Friendly Design
are considered.

In contrast, Random Forest and KNN offer designs that are more accurate. Using the data used in this
model, KNN Algorithm seems to draw the best clustering regions. It can help supply chain managers forecast

Linear Regression

Logictic Regression

EcoFriendly Design
EcoFriendly Design

Green Investment Green Investment

F1GURE 12. Comparing clustered regions by different methods.
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EcoFriendly Design

EcoFriendly Design

6
Green Investment

Ecofriendly Design

Random Forest Classifier

Support Vector Machine
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Naive Bayes

EcoFriendly Design

6
Green Investment

Multi-Layer Perceptron

EcoFriendly Design

6
Green Investment

6
Green Investment

FIGURE 12. continued.
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TABLE 18. Dataset for Validating the proposed KNN.

Green Eco-Friendly  Customer TeChnOI.O gical Model Whe.ther SVM
Row Investment  Design Collaboration Innovation Prediction predicted
Label Correct Label
1 6 6 6 4 4 v
2 3 9 3 2 3 v
5 4 7 4 1 1 v
10 8 6 3 1 1 v
11 7 8 8 3 3 v
12 9 3 7 2 9 v
13 9 3 8 2 3 _
14 9 3 1 1 1 v
15 8 1 3 9 9 Y
16 6 5 6 6 5 B
18 8 3 6 1 1 v
19 1 3 9 9 9 v
20 1 1 1 1 1 v
21 4 8 4 9 9 v
22 2 7 4 9 9 v
23 1 2 9 2 3 —
24 9 1 5 1 1 v
25 9 2 4 1 1 v
26 4 2 3 1 1 v
27 5 5 1 1 1 Y
28 5 7 5 3 3 v
29 8 4 6 9 3 B
30 9 6 9 5 4 7

technological innovation levels using a series of input data of green investment, eco-friendly design, and customer
collaborations in the supply chain.

6. PREDICT TECHNOLOGICAL INNOVATION LEVEL (PHASE 3)

In this section, the trained ML model will be used to predict a supply chain’s technological innovation level
using the given data on Eco-friendly Design, Green Investment, and Customer Collaborations. For this purpose,
a part of Section 5.4 that was considered for the evaluation process (Eval.data) is used. The outcomes are
indicated in Table 8.

Table 18 indicates that the proposed method could successfully predict and classify the most validating
data. Using 421 data that contain real data and generated data by Python for the training and evaluation of
the model, the achievements are noticeable and worthy (precision=0.8). Since this value is not less than the
accuracy of training data (0.751), it is concluded that the ML model is not under-fitted and thus well trained.
Moreover, it can be seen that while the model is confronted with new conditions, which were not used during
the training process, it can still determine the class of the technological innovation level successfully.
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7. MANAGERIAL INSIGHTS

This research investigated the impact of different internal drivers on T.I. Comparing the key findings of this
research with the recent references indicated that the (i) different levels of T.I may be seen by investing in
internal drivers. (ii) Technological innovation can be flourished by improving the internal factors in a supply
chain, such as top management commitments. This finding complies with [30]. In addition (iii), the outcomes
showed that the T.I level can be predicted accurately (80%) by considering the green investment, eco-friendly
design, and customer collaboration. This finding aligns with [18,21,32].

The outcomes of this research can help senior supply chain managers to determine the level of required
investments in using green materials, designing eco-friendly products, and expanding the correlations with their
customers to achieve a certain level of technology innovation that consequently leads to more system performance
[41].

8. CONCLUSION

This research presents a 3-phase framework for predicting the technological innovation level of green supply
chains by focusing on Green Investment, Customer Collaboration, and Eco-friendly Design Features. In the
first phase of the framework, the model’s independent variables were identified. In continuation, the positive
correlations between drivers and T.I is investigated. Then, using statistical analysis on data of supply chains
located in the northern states of Malaysia, the impact of drivers on T.I was determined, indicating that Customer
Collaboration, Eco-friendly design, and Green Investment have noticeable impacts on T.I improvement in the
studied cases (0.481, 0.419 and 0.41, respectively). These results align with [12,14,18,21,43].

In the second part of the Research, a comprehensive model is developed using the K-nearest Neighbor
algorithm to predict the technological innovation level where Green Investment, Customer Collaboration, and
Eco-friendly Design were considered as features of the model. The outcomes indicated that the T.I level could be
effectively predicted in green supply chains using the proposed method (test score: 0.751). The findings complies
with [30,32]. The outcomes are also compared with Linear Regression, Logistic Regression, Naive Bayes, Multi-
Layer Perceptron, Support Vector Machine, and Random Forest methods, demonstrating K-nearest Neighbor’s
superiority in outlining better designs for projecting the T.I level in supply chains.

In the third phase, the method is applied to a supply chain located in Kuala Lumpur. The outcomes showed
that the developed model could be successfully used in practice and provide accurate results for 30 supply chains
with less MAE and MSE values (0.9 and 1.36, respectively). Using the proposed method of this research, top
managers of a supply chain can make financial decisions on investments on discussed technological innovation
drivers (green materials, designing eco-friendly products, and expanding the correlations with their customers)
with more confidence.

Future model development is suggested by developing a cloud-based application to use real-time data of
drivers of T.I and predict T.I for coming periods. In addition, more expansion of the proposed method of this
research can be carried out by proposing a fuzzy-based application to include uncertainty of the mentioned
drivers of T.I.
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during the reviewing process.
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