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A Study of the Impact of Data Intelligence on Software Delivery Performance

Dong Yongdong

Abstract
With the rise of big data and artificial intelligence, data intelligence has
gradually become the focus of academia and industry. Data intelligence has
two obvious characteristics: big data drive and application scene drive. More
and more enterprises extract valuable patterns contained in data with
prediction and decision analysis methods and technologies such as large-scale
data mining, machine learning and deep learning and use them to improve the
management and decision in complex practice, so as to promote changes of
new business modes, organizational structures and even business strategies,
and improve the operational efficiency of organizations. However, there are
few studies on how data intelligence affects organizational performance. This
dissertation points out three-dimensional elements for data intelligence to
achieve iterative development: data, technology and prediction and
decision-making capability, and makes a more in-depth exploration on the
research and application of the three elements and organizational performance.
Based on the relevant data of software enterprises, the author conducted
empirical research and finally concluded the mechanism and path of data
intelligence affecting the software delivery performance, providing an

important reference for other industry organizations to improve the operational



efficiency and organizational performance.
Key words: data intelligence, big data, decision making, software

delivery performance, software project management
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Chapter 1 Background

In today's world, scientific and technological innovation is advancing rapidly.
In particular, big data, artificial intelligence, digitization, networking and
intelligence are gaining momentum, and playing an increasingly important
role in promoting economic and social development, modernizing the national
governance system and governance capacity, and meeting people's
ever-growing needs for a better life. With the arrival of the era of artificial
intelligence, new technologies and methods such as data intelligence,
computer vision and recognition, robotics and intelligent networking emerge
in an endless stream. The concept that data intelligence can improve the
operational efficiency of organizations has become a consensus. Helping
enterprises promote or achieve the transformation of business modes,
organizational structures and even business strategies by use of
new-generation information technologies such as artificial intelligence has
become a trend, and a breakthrough of application implementation. However,
there is no final conclusion on how to use data intelligence to improve the
operational efficiency of organizations accurately and how to establish the
mechanism of data intelligence improving the operational efficiency of
organizations.

For a software company (organization), software delivery performance is the
main competitiveness of the organization. The software delivery performance

in this dissertation includes the delivery performance of software products and



customized software systems, which determines the value that software can
bring to the organization. It is the core of the software enterprise and the main
aspect impacting the organization's operational efficiency. This dissertation,
taking the research and development and practice of the software company
where the author works (Kedaguochuang Software Co., Ltd.) as an example,
mainly studies how to use data intelligence to improve the software delivery
performance and improve the operational efficiency of organizations. This
dissertation, with the methods such as resource-based theory (RBT),
regression analysis, and mediating effect analysis, and from the perspective of
innovation management, comprehensively analyzes how software enterprises
use data intelligence to improve the decision-making efficiency of
organizations, improve the management, optimize the process, perfect the
service, enhance the precision and control of the plan, and increase the value
creation of enterprises, so as to improve the efficiency of software delivery,
and finally enhance the operational efficiency of organizations. As a form of
organization, software enterprises has some commonalities with other
organizations, which provides an important reference for us to explore how

data intelligence can improve the operational efficiency of organizations.



Chapter 2 Problems and significance
2.1 Problems
Software delivery performance refers to the efficiency of production software
in continuously producing the effective value for users, reflected in effect,
efficiency and sustainability. It is the dynamic balance among time, cost and
quality. The main factors affecting software delivery performance are: task
level evaluation, coordination, team structure, process control, process
integration, and modularity. This dissertation aims to study how to use data
intelligence to improve the evaluation quality, enhance the coordination ability,
establish a decision-making organization, accurately control the process,
optimize the management process, and make the modular system more
advanced, so as to improve the delivery performance of software enterprises,
and enable enterprises to develop in the long term and have lasting
competitiveness. The specific problems are as follows:
® Analyze and study the connotation and characteristics of data intelligence
and software delivery performance.
® \What are the main factors through which data intelligence affects software
delivery performance?
® \What are the mechanism and path for data intelligence to improve
software delivery performance?
2.2 Reasons and purposes

With the rapid development of 5G, artificial intelligence, 10T and other new



technologies, enterprises develop business on software and the Internet.
Software delivery performance determines the operational efficiency of
software organizations. Due to the intensified market competition, enterprises
have higher and higher expectations for software delivery performance, and
software delivery capability has become the core competitiveness of
enterprises. With the emergence of new business forms and new business
modes, software becomes more and more complex, and the software delivery
process also faces such problems as difficulty in collaboration among teams,
lack of timely and accurate information in planning and control, increasing
delivery costs, and delay in software delivery. How to effectively improve the
software delivery performance has become a long-term important issue in the
software industry.

Data intelligence is an interdisciplinary research field, which combines
large-scale data processing, data mining, machine learning, human-computer
interaction, visualization and other technologies to extract, explore and obtain
revealing and operable information from data, and provide effective intelligent
support for people in making decisions or executing tasks based on data. Data
intelligence technologies are reshaping the traditional business analysis or
business intelligence. Gartner serves more than 14,000 organizations in more
than 100 countries and regions in the world. According to the survey of
Gartner, a new "augmented analysis™ mode is upending the old ways, and is

expected to become the dominant driver of procurement of the business



intelligence system within a few years. This "augmented analysis" mode is
enabled by data intelligence technologies, providing core capabilities such as
natural language query and narrative, augmented data preparation, automated
advanced analysis, and visualization-based data exploration. This dissertation
aims to study the impact of data intelligence on software delivery performance,
analyze the main factors through which data intelligence affects software
delivery performance, and give the mechanism and optimization path of data
intelligence improving software delivery performance.

2.3 Research significance

2.3.1 Theoretical significance

The relevant papers at home and abroad have stated that data intelligence can
improve the operational efficiency of organizations. It is currently a hot topic
in the study on data intelligence, and has attracted extensive attention of
scholars, computer experts, decision makers and entrepreneurs. However,
there are few studies on how data intelligence can influence and improve the
operational efficiency of organizations. This dissertation, taking software
enterprises as an example, analyzes how data intelligence affects software
delivery performance from the starting point that software delivery
performance is the main factor affecting the operational efficiency of software
organizations. This dissertation studies the mechanism and path of using data
intelligence to improve software delivery performance, and the mediating

effect of process integration and modularity on the impact of data intelligence



on software delivery performance, and then discusses the positive impact of
data intelligence on software delivery performance through process integration
and modularity. The analysis on the impact of data intelligence on improving
software delivery performance is helpful to deeply reveal the connotation and
characteristics of data intelligence, and prove that data intelligence can
improve the operational efficiency of organizations. On this basis, this
dissertation provides the theoretical analysis method, which has certain
guiding significance for platforms including government, army and enterprises
to optimize the organizational structure and improve the operational
efficiency.

2.3.2 Practical significance

Software delivery capability plays a crucial role in business development of
the software industry. Finding ways to improve the productivity of software
enterprises by studying the impact of data intelligence on improving software
delivery performance is of overall significance for enterprises or organizations
to reduce costs, increase efficiency and realize the strategic goal of scientific
and technological empowerment. It is embodied in the following two aspects:
It has guiding significance for software enterprises to improve software
delivery performance and operational efficiency. Analyzing and finding the
indicators affecting software delivery performance by establishing a model for
the effect of data intelligence on software delivery performance can effectively

instruct software enterprises to evaluate software delivery capability, help



software enterprises make full use of big data and other information
technologies to improve their delivery performance, and actively play a role in
continuously generating value for organizations. Meanwhile, the technical
route of data intelligence improving software delivery performance can
provide a set of feasible digital transformation paths for the software industry.

Software enterprises represent a kind of economic organizations offering
services. Their operational efficiency mainly depends on software delivery
performance. The path that data intelligence improves software delivery
performance of software enterprises and thus improves the operational
efficiency of organizations is also applicable to other organizations. The
application of data intelligence technologies can also help other organizations
improve the delivery performance of products or services, so as to improve the
operational efficiency of other organizations. The discovery of this innovative
path also has important practical guiding significance for improving the
operational efficiency of other organizations in the industry and even in the
society.

2.4 Innovations

In a nutshell, the main innovations of this study include:

Firstly, put forward the software delivery performance based on data
intelligence technologies, and clarify the dimension and measurement system
of software delivery performance. This study uses the dimension of data

intelligence technologies to conduct the exploratory research on software



delivery performance, and analyzes the content of software delivery
performance, thus laying a foundation for the in-depth research on software
delivery performance.

Secondly, explore the mechanism of data intelligence affecting software
delivery performance, and construct the theoretical relationship model for the
impact of data intelligence on software delivery performance. The previous
studies have confirmed that big data and artificial intelligence technologies
play a significant role in the software delivery performance, but they still fail
to find the internal mechanism of data intelligence affecting software delivery
performance, and lack the empirical test. By analyzing the influence
mechanism, this study finds that process integration and modularity play an
important mediating role in the process of data intelligence affecting software
delivery performance; by conducting the empirical verification with structural
equation modeling and other statistical methods, this study also finds that data
intelligence not only directly affects organizational performance, but also
indirectly affects software delivery performance through affecting process
integration and modularity. Accordingly, this study constructs the multi-path
model for the impact of data intelligence on software delivery performance,
providing a reference for other organizations to use data intelligence to

improve their operational efficiency.



Chapter 3 Literature review

3.1 Research on Resource-Based Theory

3.1.1 Enterprise resource-based theory

In 1920, Alfred Marshall created the theory of intrinsic growth of enterprises.
Later, in the 1950s and 1960s, Penrose (1959) further improved this theory
from the aspect of "knowledge accumulation within enterprises” through
in-depth research, and believed that the function of enterprises was to acquire
and organize human and non-human resources to provide products and
services to the market for the purpose of profit. After the 1980s, the RBT was
developed by Wernefelt, Barney and Hrebiniak on the basis of Penrose's
theory. Wernefelt (1984) analyzed and explained the reasons for the success of
some enterprises from the perspective of internal resources. The research
results of Barney (1986) showed that the resources and capabilities of
enterprises are the main reasons for maintaining product differentiation.
Bar-ney (1991) further argued that the resources for maintaining sustainable
competitive advantages of enterprises should be characterized by scarcity,
value, inimitability and irreplaceability. Hrebiniak et al. (1985) believed that
the performance of organizational decision making is a function of
organizational structure, decision-making process and external environment.
Enterprises should not only adapt to the changes of the external environment,
but also strive to break through the constraints of external factors in order to

keep enterprises in a favorable competitive position.



Amit and Shoemaker (1993) defined enterprise resources as "the stock of
factors owned or controlled by an enterprise”, including tradable know-how
(such as patents and licenses), financial or material assets (such as property
rights, factories and equipment), and human capital. They believed that
enterprise resources can be transformed into final products or services by
connecting with a wide range of other assets and mechanisms such as
technology, management information system, incentive mechanism, and trust
between managers and employees. Unlike the definition of resources, Amit
and Shoamaker (1993) believed that capability refers to the ability of an
enterprise to utilize resources (generally through integration and utilization
processes) to effectively achieve the required results. It is a unique,
information-based, and tangible or intangible process developed through
long-term complex interactions among enterprise resources. It can be
abstractly taken as “intermediate products” produced by an enterprise to
improve its resource productivity, and strategic flexibility, and protect final
products or services.

The RBT takes resources and their characteristics as its research objects. Teece
(1997) further extended the dynamic thought on this capability and proposed
the dynamic capability theory. The dynamic capability theory emphasizes that
in order to adapt to the external environment changing rapidly, enterprises
must constantly acquire and integrate the internal and external administrative

organization technologies, resources and functions. Dynamic capability can



continuously acquire new competitive advantages under the given path
dependence and market position conditions. The dynamic capability theory is
compatible with Schumpeter's "creative destruction”. Innovation, especially
the innovation of capability, is the real source of corporate profits. Stalk and
Schulman (1992) of Boston Consulting Group put forward the capability
theory based on process, believing that the key to the success of enterprises is
not only the core capability, and successful enterprises pay great attention to
organizational activities and business processes related to production
capability, and take the improvement of these activities and processes as the
primary strategic goal.

3.1.2 Data intelligence is an important resource for enterprises

Although researchers use different frameworks and angles for analyzing
problems in the study on the RBT, their basic ideas are the same, that is, they
believe that an enterprise is a collection of a series of capabilities, and the
organic combination of resources, technologies and capabilities determines the
competitive advantage of the enterprise. It is worth mentioning that among
enterprise resources, a special kind of resources, namely, knowledge resources,
attract more and more attention. Scholars have different understandings of
knowledge. The mainstream view is that knowledge includes information and
technologies. Kogut and Zander (1992) believed that knowledge includes
information and know-how. Information is the knowledge that can be

transferred without loss of integrity once the grammar has been known,



including facts, axioms and symbols, solving the problem of "what";
know-how is the accumulated skills and expertise that make sure smooth and
effective work, solving the problem of "how".

With information enriching and technology development, faced with a large
amount of data and potential knowledge accumulated in the management
process, data intelligence with the excellent ability to mine potential
knowledge in data has become an important means of management decision
making in the process of enterprise management. In combination with the
direct impact of data intelligence on software delivery performance, this
dissertation used the mediating effect theory, namely, the relationship between
data intelligence and software delivery performance through mediating
variables, deduces the correlation and degree of relation between the two.
Among them, the mediating effect refers to the analysis on the influence of the
independent variable X on the dependent variable Y. If the variable X affects
the variable Y by influencing the variable M, the variable M is the mediating
variable whose role is called the mediating effect. In this study, the author
regards data intelligence as an important IT resource and studies its impact on
enterprise performance.

3.1.3 Data intelligence promotes digital software delivery management
Digital transformation of software delivery management is to integrate digital
technologies into software delivery process management, fundamentally

improving software delivery capability, changing software delivery methods



and project management modes, and providing the continuous value for
customers. Digital transformation of software enterprises changes software
delivery methods and management in the following three ways:

More effective and strategic communication between the team and the
company. Cross-team collaboration is one of the most important and involved
areas in which modern digital technologies are redefining project management.
Collaborative work management software allows cross-department team
members and colleagues to interact and connect in real time, thus greatly
improving the efficiency of knowledge transfer between teams and the
accuracy of information communication between managers, and enhancing the
efficiency of project management.

Focus on results rather than process. As digital transformation automates
workflows and coordinates traditional project management tasks such as
planning, project managers will have more time to focus on strategy
optimization and project delivery. With more digital tools and automatic
processes, project managers begin to look for the best ways to align projects
with their business strategies and goals and produce more successful results in
the process.

More analysis to improve the project management process, results, and ROI
(return on investment); Finally, digital transformation provides project
managers with analysis technologies to make data-driven decisions, break

down patterns and trends, make smarter decisions faster and easier, and



ultimately improve project results and success rates. Strong analysis reports
can help managers keep projects within budget through real-time cost and
human analysis. Stakeholders and senior officers can also easily break down
in-depth data sets, giving them accurate insight into the business impact and
ROI of each project, and helping them plan future initiatives and make key
strategic decisions.

To sum up, data intelligence is to process, analyze and mine massive data
based on the big data engine and through large-scale machine learning, deep
learning, knowledge mining and other technologies, extract the valuable
information and knowledge contained in data, and make data "intelligent"”, so
as to instruct organizations to conduct management improvement, process
optimization, delivery collaboration, and service improvement, replace
repeated decisions, enhance the decision-making efficiency and increase value
creation. It has become one of the key technologies for promoting software
enterprises to improve software delivery performance. At present, the studies
on software delivery at home and abroad focus more on the improvement of
software development process, but less on the direct relationship between data
intelligence and software delivery performance, and the influence of data
intelligence on the relevant intermediate variables to improve software
delivery performance. Therefore, this dissertation takes the RBT as the
guidance and uses the method of the mediating effect theory to carry out the

research.



3.2 Research on software delivery performance

3.2.1 Performance of software organizations

(1) Basic concept of organizational performance

"Performance” originally refers to the effective and usable energy contained in
things, mainly reflected in four aspects: ability, efficiency, quality and benefit.
Management master Peter Drucker defined performance as the ability to
choose appropriate goals and strive to achieve them.

When studying organization-related concepts, researchers deeply engaged in
organizational studies hold that organizational performance is not a complete
concept, but a "construct” formed through high-level abstraction after
understanding and thinking of things in life. Therefore, organizational
performance has always been the central issue in the field of organizational
studies. It is difficult to define organizational performance. By collating a
large number of literature, this dissertation summarizes the connotation of
organizational performance given by domestic and foreign scholars, as shown

in the table below.



Table 1 Definitions of organizational performance given by domestic and

foreign scholars

Researcher

Connotation of organizational performance

Barnard (1964)

Seashore  S.E.

(1965)

Venkatraman &
Ramanujam

(1986)

Steers (1977)

Hall (1991)

Daniel

R.

Denison (2004)

Daft (2010)

Keeley (2015)

Li
(2002)

Zongyan

Performance is the achievement of an organization's goals.

Organizational performance is a combination of standards to
evaluate the operational quality of an organization, and a target
system.

The core concept of organizational performance is organizational
management, mainly including the output of the organization on
product quality, employee satisfaction and social responsibility.

Organizational performance is a process of organizational
operation. When organizational operation can minimize obstacles,
the overall organizational performance can be increased.

Organizational performance is the ability of an organization to
achieve its goals or maintain its functions to obtain rare and
valuable resources from the environment.

Organizational performance is the comprehensive performance of
an organization in all aspects of society, especially its output. It
includes not only business performance, but also standards at the
individual level within the organization, such as employees' and
customers' perceptions.

Organizational performance refers to the extent to which an
organization is able to achieve its goals.  Organizational
performance includes two aspects: one is performance, which is
used to evaluate the extent to which an organization can achieve
multiple goals; the other is efficiency, which means that the
organization can achieve the desired output with less resource
input.

Organizational performance refers to the extent to which the
interests of participants or constituent members of an organization
are fairly reflected.

Organizational performance is the extent to which an organization
manages to obtain the required resources, avoid the mistakes and
obstacles in its internal operational process, and achieve processes
and results that are more outstanding and more in line with
organizational goals than other peers.




Researcher

Connotation of organizational performance

Luo Min (2009)

Sun Shaobo
(2012)

Yang Wenyin
(2018)

Organizational performance refers to the extent to which an
organization achieves its goals. In the definition of organizational
performance, we should pay attention to three core points: firstly,
overall organizational performance, that is, organizational
performance should explain the overall situation and performance
of an enterprise from a more macro and comprehensive
perspective; secondly, stated organizational goal, that is, the
multi-level and inter-relationship among many measurement
standards must be taken into account in the evaluation of
operating activities of an organization; thirdly, general social
expectation, that is, successful enterprises should not only focus
on internal operation, but also effectively meet the requirements
and expectations of different stakeholders.

Organizational performance is based on organizational
performance, but is more comprehensive than organizational
performance in evaluating and measuring operating results of an
organization.  In addition, organizational performance and
organizational performance are not completely separate, and
organizational performance indicators should be used to measure
organizational performance.

Organizational performance is the extent to which the diversified
goals of an organization are realized, and is a comprehensive
reflection of the value of behaviors that all members or teams in
an organization take to achieve the goals of the organization.

Source: collated by the author according to a large number of literature

It can be seen from the above table that researchers have different opinions on

the meaning of organizational performance. Some scholars focus on

elaborating the meaning of organizational performance from a certain aspect,

while others are good at comprehensively defining organizational performance

with the comprehensive research method. The relevant summary is shown in

the table below:



Table 2 Summary of research perspectives on organizational performance

Research perspective Representative figure

Goal achievement/organizational output Barnard (1964), Seashore S.E.(1965)
g P Daft(2010), Daniel R. Denison (2004)

Resource acquisition Hall (1991), Luo Min (2009)

Quality of internal operation Steers(1977), Sun Shaobo (2012), Yang
y P Wenyin (2018)

Interest of stakeholder Keeley (2015)

Li Zongyan (2002), Venkatraman &

Comprehensive .
P Ramanujam (1986)

Source: collated by the author according to a large number of literature

It can be seen from the above summary that researchers' consensus on
organizational performance mainly focuses on five aspects: firstly, from the
perspective of organizational goal realization and output, researchers believe
that organizational performance refers to the ability of an organization to
select business goals and achieve them. Secondly, from the perspective of
resource acquisition (such as input), researchers believe that the competitive
advantage of an organization lies in its ability to acquire and use resources.
Therefore, organizational performance is defined as the ability to acquire and
utilize resources. Moreover, from the perspective of internal operation process,
researchers believe that the operation of an organization is affected by a
variety of factors. Among these factors, the harmonious relationship among

members of the organization is the driving force for the development of the

¥



organization. Therefore, organizational performance is defined as the ability to
enable members of an organization to work harmoniously. Fourthly, from the
perspective of relevant stakeholders, researchers believe that meeting needs is
a manifestation of organizational performance, so organizational performance
is defined as the extent to which an organization meets the preferences of
stakeholders. Finally, some researchers believe that organizational
performance is a multi-dimensional goal collection, and a complex of the
internal operation process and social relations of the system, and it should be
studied in many aspects such as organizational operation and management.
This dissertation holds that, first of all, software enterprises refer to the
enterprises that carry out business operations and obtain operating income
with computer software products and services, and their means of production
are mainly computers and all kinds of knowledge. Software enterprises are
also labor-intensive enterprises, while software products are important means
of production. In software enterprises, as workers, programmers and
development teams need to process and recreate all kinds of knowledge in the
production process. Software organizations are the organizations set up for
operation within an enterprise that cooperate with each other, so the
performance of software organizations mainly depends on the operational
efficiency of software organizations or software teams.

Based on this, by analyzing the software development based on organizational

performance and referring to the multi-dimensional viewpoints from research



theories of several scholars, this dissertation puts forward that: the
performance of software organizations refers to multiple effects produced by
using allocated resources to carry out software development and production
and services around goals of software organizations, including the realization
ability and realization degree of goals. It can fully reflect the overall operation
effect of software enterprises, and can be used to evaluate the overall
organizational performance, and measure the operational efficiency of
software organizations or teams and the buff that leads to sustainable
development of enterprises in the future.

(2) Organizational efficiency and organizational performance

In the business operation of software enterprises or software organizations,
efficiency and performance are very important. Efficiency is usually defined
as the ability to produce work results within a specified period of time with
limited resources, emphasizing the actual performance of an organization in a
certain aspect. However, if a team or organization starts off in the wrong
direction, even an efficient work state is ultimately futile and does not produce
any performance.

(3) Organizational performance and organizational performance

Although many researchers equate organizational performance with
organizational performance, more scholars still think that the two are not equal.
For example, domestic scholar Lv Hongjiang (2013) believed that enterprise

performance mainly includes three aspects, namely, economic representative



performance, organizational performance and business performance. Through
continuous research, scholars believe that organizational performance can
affect enterprise performance. Scholar Zhang Meizi (2019) held that in the
operation process of an organization, in addition to short-term performance,
employees' work feelings and activeness as well as the enterprise's resource
allocation to projects will have an impact on organizational performance.

The improvement of organizational performance of software enterprises is
undoubtedly accompanied by value creation and accumulation, while value
creation will involve personnel and advanced technologies. Software
organizations or software teams use technical labor to carry out software
(development) activities mainly for the diversified goal of corporate profit.
From the perspective of dimension (internal business objectives of an
organization or overall internal environment and external customer
requirements of an enterprise), the main goal of software activities is to
achieve fast, reliable, safe and sustainable delivery, that is, software
organizations continuously produce (develop) valuable software within a short
cycle (Chen L, 2015), and ensure the reliable software release at any time.
Therefore, this dissertation considers that the important aspect of performance
of software organizations is software delivery performance.

3.2.2 Software delivery performance

3.2.2.1 Connotation of software delivery performance

Based on the literature at home and abroad, over the years, domestic and



foreign researchers have rarely conducted in-depth research on software
delivery performance, but more research on organizational performance of
software organizations or software enterprises. To delve into software delivery
performance, we must first understand what software delivery means.
Software delivery refers to the use of computer programming language to
achieve a target system, namely, the activities and processes carried out for
software products, with the purpose of realizing the integrated management
and continuous execution of information-based business processes of business
systems (Xu Pei, 2006).

Therefore, the process of software delivery involves the influence of multiple
internal and external factors such as the development team, resources allocated
to the team by an enterprise, and the value obtained by customers. In
combination with the definition of performance of software organizations in
the previous section, this dissertation believes that software delivery
performance refers to the efficiency that production software can continuously
produce the effective value for users.

In addition, foreign scholars usually refer to the concepts in software
development research, and measure software delivery performance from two
aspects, namely, process performance and product performance. Process
performance (representing speed) measures the efficiency in the process from
software development to delivery (J. G. Cooprider and J.C.Henderson, 1991),

namely, whether a project is completed on budget and on time, while product



performance (representing software quality) reflects the degree to which the
system delivered meets the requirements (R. Pressman, 2001). Anandasivam
Gopal (2011) used data from 83 software projects in nine Indian software
companies to study how the coordination within a project team and between
customers and supplier organizations affects two dimensions of performance
of software projects -software quality and development speed. The results
showed that both customers' (external) coordination and supplier teams'
(internal) coordination have a positive impact on software quality. They also
found that customers' communication barriers and customers' coordination
have an impact on software quality, and the scale and coordination of software
teams have a negative interactive impact on development speed.

Lianping Chen (2015) et al. pointed out in their article that adopting a
continuous delivery method enables software teams to continuously produce
valuable software in a short cycle and ensure the reliable software release at
any time, and allows organizations to bring service improvements to market
quickly, efficiently and reliably, and ultimately stay one step ahead in the
competition. However, this method must use a team with strong ability, which
will inevitably lead to a decline in the consistency and coordination within the
team. Curtis B et al. proposed that “interruption of communication and
coordination™ is a major problem affecting software productivity and quality in
large-scale system development. In large-scale system development,

"interruption of communication and coordination” is a major problem



affecting software productivity and quality, and such interruption often occurs
at the boundary of organizations, which indicates that coordination among
organizations is very important to the success of a project. With the gradual
maturity of software projects, continuous coordination on technical details or
other project information between project members and customers is required
(Choudhury V, 2003; Kotlarsky J, 2005).

Therefore, the author believes that software delivery performance mainly
includes: whether products can bring value to customers and companies;
whether teams are able to quickly produce and release products, and quickly
respond to changes in market demand and business objectives of enterprises;
whether there is a sustainability as the scale of business and teams multiplies.
3.2.2.2 Analysis on factors related to software delivery performance

In the implementation process of software delivery, many factors will affect
the software delivery performance, such as software quality problems and
project schedule control (Zhang Xue, 2020). Low delivery performance leads
to slow response to organizational demand, long delivery cycle, more
accidents, and reduced service capability. Improving software delivery
performance enables enterprises to quickly innovate and create, so as to
achieve long-term development and maintain lasting competitiveness. In the
2018 Annual Report of DevOps titled Devops Report Focusing on Data-driven
Statistical Analysis for High-performance Organizations"”, Dora put forward

that the impact of software delivery performance has been studied and proven



for many years, and proposed a set of metrics (deployment frequency, cycle &
lead time, failure rate and MTTR (mean time to repair)) for software delivery
performance, to measure an enterprise's software delivery level. Many
different factors are considered to affect the efficiency of software
development process, including programming language, use of formal
methods, and CASE tools. (Aneesh Chinubhai, 2011).

The book of Nicole Forsgren titled Accelerate introduces four metrics for
performance of software delivery, namely, deployment frequency, lead time to
changes, change failure rate, and MTTR, to measure and visualize the speed
and stability of application delivery. The 2019 Accelerate State of DevOps:
Elite performance, productivity, and scaling explores practices to improve
performance of software release, such as reducing the lead time to changes
and increasing the deployment frequency through on-demand delivery so as to
generate a strong business impact; In Improving the Software Delivery
performance - A Preliminary Study of "On-demand Release", Yan Qilong et al.
used lean thinking to find out all the obstacles to users in the process from
demand confirmation to launch of a software project, and made adjustments
according to demand from the business side, development side and testing side,
so as to improve the overall efficiency of value flow and facilitate the smooth
delivery of demand; in Practical Monitoring, Mike Julian highly recommended
that monitoring metrics are established from the user perspective first, from

which it is easier to draw conclusions than from underlying metrics: for



example, response delay is felt by users; in Business-driven Lean and Agile
Implementation, Alibaba proposed a framework of lean and agile research and
development practice, clarifying that the direction of improving software
delivery performance is to continuously and smoothly deliver the effective
value with high quality, and established an actionable performance
measurement system, including five metrics, namely, demand response cycle,
continuous release ability, delivery throughput rate, delivery process quality
and delivery quality.

From the above analysis, it can be seen that technologies and management
measures applied by software organizations in the process of software
development can affect the performance of software delivery.

For a long time, it has been found that small enterprises are different from
large enterprises in terms of information technologies and software delivery
capability. Unlike large enterprises, small enterprises are not able to simply
improve their performance (Thong, J. Y, 1996). In general, small enterprises
face considerably higher risks than large enterprises in implementation due to
inadequate resources and limited understanding of information technologies.
Although, in theory, appropriate information technologies can help enterprises
develop the market, increase the sales turnover, and achieve a high profit rate,
severe restrictions on financial and human resources cause small enterprises to
lag behind large enterprises in the use of information technologies (Welsh, J.

A,1981). In addition to resources, small enterprises often lack experience in



computer technologies and don't have enough internal information technology
experts. In order to solve the main factors affecting small enterprises' use of
information technologies to improve software delivery capability and the
impact thereof, lacovou et al. conducted a number of case studies. The author
believes that the reasons for enterprises’ resistance to the impact of
information technologies on software delivery capability are as follows: (1)
due to insufficient utilization and lack of integration, the impact of information
technologies on small enterprises is limited; (2) the complexity of information
technologies of small enterprises is low; (3) the market position of small
enterprises is weak and their technology is blocked. Based on a review of
studies on improvement of software delivery performance and concepts and
experience of small enterprises, three main factors influencing small
enterprises’ adoption of technologies to improve software delivery
performance are identified. They are: perceived benefits; organizational
preparation and external pressure.

Perceived benefits refer to the degree of recognition of comparative
advantages that software delivery performance can provide for organizations.
Therefore, they are divided into two types. The first type is direct benefits,
which are mainly operating cost savings related to the internal efficiency of
organizations; the second type is indirect benefits, which are mainly tactical
and competitive advantages that have an impact on business processes and

relationships. Organizational preparation refers to the level of a company's



financial and technical resources. External pressure refers to the influence
from the following aspects. External pressure refers to the influence from the
external business environment. The former refers to the capability level of the
industry where an enterprises is engaged in and its competitors, while the
latter refers to the potential power and chosen influence strategies of trading
partners seeking to adopt information technologies.

Melville, N and Kraemer, K proposed in 2004 that IT business value can be
broadly defined as the influence of performance of IT organizations, including
that at the intermediate process level and the entire organization level. Based
on an analysis on the literature related to IT business value, two expressions of
performance are described: efficiency and benefit, consistent with software
delivery performance proposed in this dissertation. Efficiency emphasizes the
use of indicators such as cost reduction and productivity improvement from an
internal perspective, while benefit refers to the realization of organizational
goals related to a company's external environment, which may be manifested
as the realization of competitive advantages. Therefore, we can define the
impact of software delivery performance as including operational impact and
strategic impact. Operational impact represents the impact of software delivery
performance on efficiency of business process, such as facilitating the
cooperation between the internal and the external, reducing operating costs,
and increasing productivity. Strategic impact represents the ability of IT

technologies related to software delivery performance to support strategic



objectives and create competitive advantage, such as product differentiation.

Based on the above analysis, and after reading a lot of relevant literature, the

author summarizes the factors related to software delivery performance, as

shown in the following table:

Table 3 Factor indicators for software delivery performance

Factor Definition Project Source
Refers to the actual Improve the company's
output or results of an market condition
Organizational  organization as Increase the company's Lin et al.
performance measured against its sales (2013)
expected output (or Improve the company's
goals and purposes) profit rate.
Conducive  to  the
establishment of
organizational image
Develop corporate Increase  competitive
Perceived strategies by building advantages
- . . . lacovou et
indirect external relationships Good for other business
. . L al.(1994)
benefits with customers and activities
competitors Improve services for
customers
Improve relationships
with business partners
Refers to an Improve the accuracy of
. improvement of an data
Perceived organization's internal Improve data securit lacovou .
direct benefits 0 o0  fmematTmp Y a(1994)
functions evident in Improve operational
daily activities. efficiency
Our IT infrastructure
adapts easily to changes
Strategic performance in the business process
. is the extent to which Our IT infrastructure
Strategic . Tompson et
the IT  department adapts easily to
performance . . al., 2013)
meets the strategic technological changes

needs of the company.

We can conceive and
realize applications
faster than competitors



Factor Definition

Project

Source

Refers to the
Operational measurable aspects of
performance an organization's
process results.

Improve the
operational efficiency
IT performance and validity of the
organizational unit that
deploys the target IT.

We can design and
realize more complex
applications than
competitors

Provide more  cost
effective IT solutions
for our organization.
Provide more effective
IT solutions for our
organization.

Better control the cost
of IT operations.
Reduce the risk of
technology
obsolescence.

Increased the use of key
information
technologies.

The application of the
IT system improves the
operational  efficiency
of our department.

The application of the
IT system improves the
business process of our
department.

The use of the IT
system improves the
management of
activities of our
department.

The application of the
IT system improves the
performance of our
department.

Tompson et
al., 2013)

Ragu-Nathan
et al. (2004)

Source: collated by the author according to a large number of literature



3.2.2.3 Analysis on factors related to software delivery performance and
their results

According to the actual situation of the enterprise where the author works
and years of experience in the software industry, after further condensing and
sublimating the main factors impacting software delivery performance, this
dissertation believes that software delivery performance mainly includes two
aspects: short-term performance and long-term performance.

Short-term performance is an important content of organizational
performance. Organizational performance is the ultimate dependent variable of
interest to researchers in almost all areas of management. Market competition
for customers, inputs, and capital production makes organizational
performance critical to the survival and success of modern enterprises. This
structure has thus become a central object of modern industrial activities.
Marketing, operations, human resources (HR), and strategy are ultimately
judged according to their contributions to organizational performance (Richard
et al., 2009).

Long-term performance include both perceived indirect benefits and
strategic performance:

Perceived indirect benefits: among the benefits of EDI (electronic data
interchange), some are strategic and some are operational. The former

involves developing corporate strategy through external relationships with



customers and competitors, which is classified by lacovou et al. as "indirect
interests”, including improving organizational image, enhancing competitive
advantage, benefiting from other business practices, improving customer
service and improving relationships with business partners (Reekers et al.,
1994).

Strategic performance: Strategic performance refers to the degree to
which the IT department meets the strategic needs of the company. We
therefore view strategic IT performance as IT's ability to make the company
more flexible relative to its competitors in adapting to external pressures
(Tompson et al., 2013).

3.3 Data Intelligence

3.3.1 Connotation of data intelligence

In recent years, "big data" and "artificial intelligence" have become one of the
most discussed topics in academia and industry. In general, there are two
perspectives on big data. One is data perspective, which believes that big data
is multi-source heterogeneous information composed of tabular data, time
series, space series, association networks, texts, images, and multimedia, etc.,
and brings about technology challenge in terms of volume, variety, velocity
and veracity (Bizer et al., 2012). Therefore, big data processing technologies,
especially NoSQL access technology (Cattell et al., 2011) and multimodal
computing technology (Ngiam et al., 2011), have been widely studied and

tried for productization. However, the big data analysis method remains at the



level of data mining and visualization of analysis results for a long time. The
other is decision-making perspective, namely, the so-called big data thinking
(Provost et al., 2013). For example, big data should serve as a strategic assets
of an enterprise; big data changes information asymmetry and drives the
change of market equilibrium; big data spawns new industries and drives
value creation. In particular, with respect to the management and
decision-making problems under the big data environment, Chen Guoging et
al. from Tsinghua University pointed out that big data has the decision-making
characteristics of granularity scaling, trans-boundary correlation and global
view, and on this basis, proposed a new decision-making paradigm
considering assumption transformation, trans-domain transformation and
process transformation, and the PAGE framework of big data research
including four dimensions, namely, paradigm, analytics, governance and
enabling, greatly enriching the decision-making theory of big data (Chen
Guoqing et al., 2018).

There is no accepted definition of artificial intelligence. It often refers to a
machine's ability to learn from experience, adapt to new inputs, and perform
human-like tasks. The terms Al and Al system were first introduced in the
1950s. Artificial intelligence is a representative of data-driven technologies
(Yan Rong, 2021). With the rapid development of big data technologies, such
as the improvement of computing and storage capacity and the emergence of

ultra-high-speed data processing machines, the availability and energy of big



data continue to contribute to the development of artificial intelligence (Duan
et al., 2019). Thanks to the emergence of unstructured big data such as texts,
images and multimedia in recent years, artificial intelligence can be
continuously tuned and evolved in large-scale training, and even starts to be
used to build and use domain general knowledge in the way of providing
pre-training models (Lee et al., 2018).

To sum up, modern artificial intelligence technologies have been deeply
embedded in the analysis and application of big data; the application of
data-driven ideas and strategies has gradually become a consensus in practice;
and the value of data has been fully demonstrated in different fields of
scientific research and business. Under the big data environment, the
realization of data-driven decision making is the core of the entire value chain
(Barton D et al., 2012). According to a study conducted by the Massachusetts
Institute of Technology, the more data-driven a company is, the better it
performs in terms of financial and operational measures. In particular, the top
three companies with "data-driven decision making" in the industry have the
production efficiency 5% higher, and the profit rate 6% higher, on average
than that of their competitors (McAfee et al., 2012). If the knowledge and
information cannot be extracted from data and used effectively, data will not
get its maximum value. In this context, "data intelligence™ comes into being.
Data intelligence comes from the evolution and collision of the word big data

in the era of intelligence, and is the conceptual product of mutual integration



of artificial intelligence technologies and big data technologies. Data
intelligence is to realize intelligent judgment and decision making based on
machine learning, data mining and big data analysis. Specifically, through data
cleaning and transformation, feature extraction and integration, exploratory
analysis of data and other approaches, problems are solved independently in
the whole process from input to output (Yang Zhenghong et al., 2019).

From the perspective of management, Wu Junjie et al. defined data
intelligence as processing and analyzing internal and external multi-source
heterogeneous big data on real application scenarios through predictive
analysis technologies such as large-scale data mining, machine learning and
deep learning to extract valuable information or knowledge and use them to
improve management and decision making in complex practical activities (Wu
Junjie et al., 2020).

To sum up, data intelligence, as an interdisciplinary research field, combines
large-scale data processing, data mining, machine learning, human-computer
interaction, visualization and other technologies to extract, explore and obtain
revealing and operable information from data, and provide effective intelligent
support for people in making decisions or executing tasks based on data. Data
intelligence obtains value by analyzing data, processes raw data into
information and knowledge, and then converts them into decisions or actions.
3.3.2 Characteristics of data intelligence

Firstly, data intelligence is a predictive data analysis technology for big data,



covering machine learning based on artificial features since the 1980s, data
mining derived from databases since the 1990s, and deep learning since the
early 2000s. Of course, it also includes traditional statistical analysis and
visualization technologies - which need to be adapted and innovated for big
data -- as well as big data acquisition and processing methods and
technologies. Secondly, data intelligence is also a predictive data analysis
technology for application scenarios, aiming to provide technical support for
management and decision making in complex practical activities. Therefore,
driven by the demand of application scenarios, some basic data analysis
technologies will be innovated and integrated to form comprehensive data
analysis technologies. For example, the recommendation system which has
been widely used in e-commerce platforms is a typical comprehensive
technology. Wu Junjie believed that big data drive and application scenario
drive are the key features of data intelligence, and the key points that make
data intelligence different from artificial intelligence, because the latter is not
necessarily data-driven, and emphasizes more the study on general methods
and technologies (Wu Junjie et al., 2020).

Business intelligence (Negash et al, 2008), which is similar to the concept of
data intelligence, integrated data, algorithm and scenario when it was proposed,
laying a good foundation for putting forward the concept of data intelligence
in the era of big data and artificial intelligence. However, the author holds that

algorithm and scenario are more inclined to be technology and prediction and



decision-making capability, making it more convenient to measure the key
characteristics of data intelligence.

Data (massive, and multi-type). From the perspective of data, data intelligence
is applied to multi-source heterogeneous big data in the real sense, that is, big
data emerging in such application fields as texts, networks, time series, and
space series is the main analysis object.

According to a recent report of McKinsey, organizations in all industries
except labor force, capital and land, regard data as an important factor in
production. Organizations in the past focus on enterprise-specific structured
data (namely, data that can be stored in relational databases) in making
business decisions, while today's organizations tend to capture every bit of
information, regardless of the scale of data, the structure of data, and the speed
at which data is created (Manyika et al., 2011).

Technology (algorithm). Big data processing technologies used by data
intelligence, including cutting-edge machine learning and deep learning
methods, are the core technologies to realize big data analysis. New forms of
data require new technologies to cope with the challenges posed by huge,
diverse and fast-moving data. As a result, organizations have begun to move
beyond traditional RDBMS method for storing and analyzing data (Gupta and
George, 2016). In 2015, Apple acquired FoundationDB, a company that
produces NoSQL databases, further emphasizing how important these new

forms of technology are for organizations interested in exploring big data



(TechCrunch, 2015).

Prediction and decision-making capability (value). The expansion of data
intelligence in the application field, such as intelligent city, intelligent finance,
intelligent manufacturing, and intelligent medical treatment, is also the typical
application scenario of data intelligence, and is the most important
manifestation of the value of data intelligence. Data intelligence aims to help
carry out prediction and decision making at the deep level, rather than stay at
the level of analysis and presentation of data science (Yang Zhenghong et al.,
2019). Prediction and decision-making capability is "the process of using a set
of complex tools to develop models and estimate the future environment"
(Wessler, 2013). It can apply multiple statistical analysis methods, modeling,
machine learning, and data mining to both structured and unstructured data to
determine future results (Y. Wang et al., 2019).

3.3.3 Application and research trend of data intelligence

Data intelligence technologies give the ability to explore the unknown parts of
the data space, and spawn huge opportunities in different fields. Many new
Internet-based business, including search engines, e-commerce and social
media applications, are essentially built and operated on the basis of data
intelligence. Data intelligence technologies are reshaping the traditional
business analysis or business intelligence. According to the survey of Gartner,
a new "augmented analysis™ mode is upending the old ways, and is expected

to become the dominant driver of procurement of the business intelligence



system within a few years. This "augmented analysis" mode is enabled by data
intelligence technologies, providing core capabilities such as natural language
query and narrative, augmented data preparation, automated advanced analysis,
and visualization-based data exploration.

In China, Baidu put forward the concept of data intelligence in 2014 that refers
to the processing, analysis and mining of massive data based on big data
engines and through large-scale machine learning, deep learning and other
technologies to extract valuable information and knowledge contained in data,
make data "intelligent”, and establish models to seek solutions to existing
problems an achieve prediction. Mu Hong, vice president of 360, also pointed
out: 360's positioning is to take data intelligence as the core. Many ways and
methods of artificial intelligence that can be used at present are related to big
data. Many solutions mainly collect all kinds of data, make comprehensive
research and judgment based on these data, and make prediction and early
warning and provide models after the research and judgment. The key is to
make enough detailed scenarios and get enough data. Alibaba Cloud believes:
the more intelligent data is, the more intelligent business is. As data
intelligence helps more and more enterprises gain more profits in business,
data intelligence is of great significance in the current business development.
Data intelligence is widely used in such fields as business, electricity,
meteorology, and hydrology. Big data intelligence has been seen as a

disruptive technology that will reshape business intelligence, especially



marketing intelligence (J Leon Zhao et al., 2014); one of the key factors
determining the success of intelligent electric meters is data analysis of
intelligent electric meters, including data acquisition, transmission, processing
and interpretation (Damminda Alahakoon et al., 2015); data intelligence is
most widely applied in the fields where data is used as the key factor in
decision making such as meteorology and hydrology, and data intelligence
models have obvious advantages (Fu Minglei et al., 2020; Zaher Mundher
Yaseen et al., 2018; Khabat Khosravi et al., 2019).

In addition, the application of data intelligence in software industry
management is gradually deepening. Big data technologies collect, organize,
analyze and apply data and information in all links, comprehensively
improving the management efficiency of software projects in the new era, and
providing basic data guarantee for software project management (Zhang
Jianying, Wang Gang et al., 2020). Big data technologies can make software
project management more convenient and innovative (Ji Yuan, 2018). Jagtiani,
J found in the research that open source big data can solve the problems of
obtaining reliable data and relevant indicators in research, developing practical
estimation models and influencing project improvement in the industry, and
proposed that big data technologies can help improve traditional software
project management practices (Jagtiani, J, 2018). Bakici, T improved the
frequency of using big data in project cost management through BIM

technologies, thus reducing project management costs and improving the



project value (Bakici, T, 2018).

Through the literature analysis, it can be found that the previous research
focused on the collection of big data, namely, data mining. However, with the
gradual deepening of the research, more and more researches are devoted to
data processing, such as data analysis, data visualization, predictive value of
data and intelligent decision-making supported by data, divide the
development process of data intelligence, and make it clear that the realization
of data intelligence focuses more on the future-oriented value, that is,
prediction of and help for making the next action decision that will also be the
trend of data intelligence research.

3.4 Software project management

3.4.1 Connotation of software project management

3.4.1.1 Project management

In the sixth edition of A Guide to the Project Management Body of Knowledge
published in 2017, the Project Management Institute (PMI) mentioned that a
project is a temporary work carried out to create a unique product, service or
result; the purpose of carrying out a project is to achieve the goal through the
delivery of results. A project can be carried out at any level of an organization.
A project may involve only one person or a group of people; it may involve
only one organizational unit, or multiple units of multiple organizations.

From the perspective of business value, a project aims to move an

organization to change from one state to another in order to achieve specific



goals. Before a project begins, it is common to describe an organization at this
time point as the "current state". Project-driven changes are made to achieve
the desired result, namely, the "future state”. Meanwhile, the factors such as
laws, regulations or social requirements, requirements or needs of customers
or related parties, implementation or change of business or technology
strategies, creation or improvement or repair of products and processes and
services will affect an organization's continuous operation and business
strategies, so it has to find effective ways, enabling it to successfully make the
necessary changes in response to these factors.

Project management is the application of knowledge, skills, tools and
technologies to project activities to meet the requirements of a project. Project
management is realized through the rational use and integration of the project
management process required by a specific project. Project management
enables an organization to carry out its projects effectively and efficiently.
(PMBOOK, PMI, 2017). Project management involves nine aspects, namely,
project scope management, project quality management, project cost
management, project time management, project risk management, project
communication management, project procurement management, and project
comprehensive management, and five processes, namely, project starting
process, planning process, implementation process, monitoring process and
closing process (Song Lihong, 2006). It not only involves the demand and

feasibility study in the early stage of a project, but also comprehensive



management implemented in aspects such as project implementation time,
project quality, cost and manpower in the whole life cycle from project
planning to project completion and acceptance. Therefore, the process control,
technologies and methods of project management can help software
enterprises deal with complex problems encountered in software projects, and
effectively help software enterprises improve the management performance of
software projects.

3.4.1.2 Software project management

Generally speaking, there are two types of software products: software product
development, and customized development of software products. The former
means a software company creatively proposes a product that is better than the
products on the market or has a specific function through its own conditions
and in-depth study of software products on the market. This type of product is
inherent to the software company and may appear in the software market to
serve customers at any time. The latter means customized development based
on customer needs, after making demand analysis to understand the customer’s
expected functions of the product. The latter is the system engineering from
software design, code writing, software testing to delivery, operation and
maintenance. For any kind of software products, external learning and demand
analysis is required before software development. Therefore, this dissertation
holds that a software project refers to a complete process from software

development to delivery, including the preliminary research of the project, the



confirmation of the customer's needs, the system engineering from software
design, coding, and software testing to delivery, operation and maintenance,
and the software product completed within the agreed time to achieves
functions by means of implementation (Xie Wenjuan, 2020).

In the early stage of the rise of software, many software projects could not be
completed according to the plan or according to the demand, mainly due to
poor software project management as found through statistical data (Chen
Xinxin, 2012), so the concept of software project management was born in the
United States in the 1970s. A software project is a collection of practices
established to achieve one or more predefined goals (Team, C. P., 2010), while
software project management, known as the art and science of planning and
leading software projects, requires knowledge of the entire software
development life cycle: definition of visions, planning of tasks, gathering of
staff, evaluation, schedule creation, monitoring, gathering of requirements,
software design and programming, and testing of the final product (Stellman,
A, 2015). Therefore, in order to make the products of software projects more
reliable and stable, reduce unnecessary waste, and eliminate the influence of
uncertain factors in the whole process, it is necessary to manage the whole life
cycle of software projects.

Software project management is actually the management of different stage
such as requirements, design, coding, software testing, and software launching,

and is analysis and management activities carried out for the software



organization or team, technology, and process in order to ensure that software
projects can be completed and deliver high-quality software products to
customers in accordance with the established target time and software quality
(function). Software project management is mainly to maximize the utilization
of resources, so that customers can obtain the functions they need and realize
the expected value, and at the same time, software enterprises can also obtain
successful experience and relevant benefits from projects. From this aspect,
the connotation of software project management is that it is used to improve
the software delivery performance.

3.4.2 Overview of software project management

In order to better manage software projects, many experts and scholars in the
fields of management and software engineering have done a lot of research,
and put forward some standards, models and methods for software projects,
solving the problems encountered in the process of software project
management to a large extent, such as project cost, project schedule, and
software quality.

3.4.2.1 Standards for software project management

(1) 1ISO9000 management system

ISO9000 was first published by the International Organization for
Standardization (ISO) in 1987, aiming to help software enterprises ensure that
they meet the needs of customers and other stakeholders, and meet the

requirements of laws and regulations for software products or projects, and



standardize their organizational structure, resource allocation, technical
capability, rules and regulations (Wang Xuyang, 2021). At present, in order to
actively promote the standardization and institutionalization of software
management, 1SO9000 has derived a series of standards, such as 1SO9001,
1SO9002, 1SO90003 and 1SO9004.

ISO9001 specifies in detail the requirements that organizations need to meet to
apply for the certification of software quality standards and the reference
documents for measuring software quality in the process of software design,
development, production and release.

ISO9002 provides quality assurance for software production, installation and
service.

ISO9003 provides quality assurance for the final inspection and testing of
software.

ISO9004 provides a quality guide for management systems, helping software
companies identify and meet the requirements of customers and other
stakeholders and improve software delivery capability and performance.

(2) CMMI certification system

CMMI (Capability Maturity Model Integration) was proposed by the Carnegie
Mellon University in 1984 as the certification specifically aimed at the
management standards and quality of software products (Zhuang Xiao, 2013).
It can provide software enterprises with process improvement, improvement of

product development efficiency and quality, and maintenance of product



service capabilities.

Levels of CMMI

CMMI is divided into five levels: initial level (CMMI1), management level
(CMMI2), definition level (CMMI3), quantitative management level
(CMMI4), and optimization level (CMNI5). The greater the number is, the
higher maturity the model has.

The initial level is characterized by the uncontrollable process of software
development and project implementation. Many software enterprises in the
early start-up stage are at this level. At this level, the success of an
organization often depends on the individual capability of the project leader.
The management level is characterized by certain management capability. At
this level, project requirements, process control and project results will be
supervised, and project managers can know the progress and result of the
project through the completion of tasks.

The definition level means that the process of software project management
has been standardized or institutionalized. At this level, an organization can
properly control each process according to the needs of project management.
The quantitative management level is to quantify the objectives of a software
project, and establish process standards, to evaluate the benefits generated in
the process of the project.

The optimization level is the highest level. At this level, software enterprises

or organizations have very clear goals, make continuous optimization and



improvement of the fourth level, and focus on improving the project process,
enhancing the quality of software products, absorbing experience and avoiding
mistakes in other projects.

2) Role of CMMI

Due to the small scale and limited resources, many software enterprises find it
difficult to break through and improve the quality of their software products.
Therefore, many enterprises adopt standard models to control and adjust the
software process and improve the service quality of software products
(Goncalves, 2018).

The improvement of software development process is an effective method to
improve the quality of software products (Riaz M N, 2017). Although many
studies and industry reports have shown that software process improvement
plays a significant role in improving software products and quality, there are
still problems and difficulties in the planning and implementation of process
improvement in a multi-modal environment (Wang Wenjin, 2017), increasing
the risk of failure especially for small and medium-sized enterprises. After the
use of the CMMI model, many enterprises have found that it can solve the
above problems and reduce the risk of failure, so it is widely used (Ardana | M
S, 2017). According to the analysis on actual cases of objective and process
improvement Dby organizations, the main improvement objectives of
organizations in the process of software development improvement of

enterprises focus on three basic aspects: improving quality, reducing



development costs and reducing product defects, and the processes that need
to be improved in such three aspects correspond to the Process and Product
Quality Assurance (PPQA), Requirements Management (REQM) and Project
Monitoring and Control (PMC) (Chavarria A E, 2016). According to the
results of the implementation of this scheme, in the software development
through the CMMI model, significant improvements were made in reducing
quality costs and defects; at the same time, the risk of project failure was
correspondingly reduced, and profitability and customer satisfaction were
improved (Goncalves T G, 2016).

The above results show that the application of the CMMI model in the process
of software development can effectively improve the development efficiency
and development management level, showing broad application prospects of
the CMMI model (Silva L S P, 2016).

3.4.2.2 Model and method for software project management

(1) Waterfall model

The "waterfall model” was first proposed by Winston Royce (1970) in
Managing the Development of Larger Software Systems. Up to now, it is still
used by many project managers of software enterprises in software
development.

The core idea of the waterfall model is to divide the tasks of a software project
and divide the whole life cycle of a software project into multiple stages

(Lalman, 2013). As shown in the figure below, a project is carried out in the



strict sequence from top to bottom.

Planning

A A
Requirement

v
Design

Coding

v
Testing

h 4
Operation and
maintenance

Figure 1 Waterfall development model

The waterfall model is the longest and most widely used project management
model. It has the advantages of strong normalization, strong planning and
clear responsibilities. Under the waterfall model, work must be carried out in
order and only one activity can be executed at a time; the next phase of work
cannot begin until the previous phase of work is completed; so, the work of
team members can be restricted and planned, enabling them to perform their
duties in accordance with the established plans and objectives.

These points also lead to some shortcomings of the waterfall model: when the
requirements change, the change under the waterfall model will be very
complicated, and the design process is too much, resulting in the low project
efficiency; in addition, testing activities need to be performed after

development activities are completed, which may delay error resolution.



(2) Agile development model

The agile development model is also known as agile development method.
Since the 1990s, with the continuous refinement and change of market demand
and customer demand, software development teams and software enterprises
need to quickly adapt to changes in customer demand, market environment,
products and processes (Ramin F, 2020). In 2001, senior experts in the
software industry in the United States jointly discussed software development
models, first proposed "agile development" and agreed to take "agile
development™ as a basic concept of software project management (ADBOK
Writing Group of China Agile Software Development Alliance, 2013).

The core idea of agile development (Beck K, 2001) is shown below:

. Individuals and interactions over processes and tools

. Working software over comprehensive documentation

Customer colla boration over contract negotiation

. Responding to change over following a plan

€€€<K

That is, while there is value in the items on the right, we value the
items on the I left more.

Figure 2 Core idea of agile development

Firstly, communication between individuals is far better than processes and



tools. Communication between members within a team is more important than
robust processes and advanced tools.

Secondly, available software is far better than complete documentation.
Documentation in the software development process is only an auxiliary tool.
A complete program or product delivered to customers is the most effective.
Thirdly, customer collaboration is better than negotiation. In the process of
software project development and management, more attention should be paid
to the communication and cooperation between the customer and the team,
rather than focusing on contract negotiation. All parties should cooperate to
ensure that the goals and expectations are consistent.

Fourthly, responding to changes is better than following a plan. In the
implementation process of a software project, many factors such as policies
and regulations, technologies, organizational structure, and customer
requirements may change, which requires the manager to change the plan
according to the actual situation until the planned goal is completed.

12 principles for agile development are as follows:

Table 4 Principles for agile development

NO. Items

1 Our highest priority is to satisfy the customer through early and continuous
delivery of valuable software

2 Welcome changing requirements, even late in development. Agile processes
harness change for the customer's competitive advantage

3 Deliver working software frequently, from a couple of weeks to a couple of
months, with a  preference to the shorter timescale.
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11

12

Business people and developers must work together daily throughout the
project

Build projects around motivated individuals. Give them the environment and
support they need, and trust them to get the job done

The most efficient and effective method of conveying information to and
within a development team is face-to-face conversation

Working software is the primary measure of progress.

Agile processes promote sustainable development. The sponsors, developers,
and users should be able to maintain a constant pace indefinitely

Continuous attention to technical excellence and good design enhances
agility

Simplicity--the art of maximizing the amount of work not done--is essential

The best architectures, requirements, and designs emerge from
self-organizing teams.

At regular intervals, the team reflects on how to become more effective, then
tunes and adjusts its behavior accordingly.

Source: Manifesto for agile software development, 2001.

3.4.2.3 Content and role of software project management

(1) Content of software project management

A software project is a complex system engineering. During software project

development, compared with unmanaged or poorly managed teams, managed

and coordinated teams or organizations can often accomplish more work faster,

at higher quality, and at lower cost, and can bring better organizational

performance, indirect benefits, and strategic performance. Our highest goal is

to meet customer requirements through the rapid and continuous delivery of



valuable software.

In combination with the above summary of the methods and models for
software project management and the understanding of the connotation of
software project management, the content of software project management
mainly includes:

1) One of the challenges faced by software project management is to evaluate
tasks of a project, so that the software enterprise can develop cost estimation
of the project, and invest reasonable human and material resources;

2) For every software project management, developers must be used. Only
developers form a small team to work together, can a perfect project is
achieved. Software project management is to optimize the organizational
structure of a software team, so that everyone has their own clear
responsibilities and task arrangements, and jobs according to their abilities and
fields of expertise, and can fulfill their duties and get twice the result with half
the effort;

3) Within each software team, members strive to achieve multi-layer project
goals, but sometimes these goals are incompatible or even in conflict with
each other. Therefore, software project management is to coordinate the work
between business analysts and front-line developers, motivate and lead team
members, cultivate team spirit, and shape an efficient team;

4) At the beginning of a software project, there will be a requirement, which is

also the goal of the project. During the development process, the requirement



may change. Software project management is to change and improve the plan
according to the proposed requirement changes. Being good at adjusting team
behaviors by taking advantage of requirement changes to help customers gain
value can also improve the adaptability of our team.

5) In our organization, software project management is to make a detailed and
thorough plan, so that the cost and schedule of our project can be effectively
controlled;

6) The software project process generally goes through the planning stage,
requirement stage, implementation stage and acceptance stage. Software
project management is to optimize the work flow, clarify the objectives of
each stage, and reduce unnecessary work as far as possible.

(2) Role of software project management

Although software project management has certain particularity compared
with project management in other industries, it also belongs to project
management. Therefore, in a software research and development project, if the
project management is poor without the scientific and reasonable planning and
implementation plan, the quality and delivery time of software products may
not reach the expected, and the software project may even end in failure
(Zhang Chengye, 2015). The role of software project management can be
summarized in six aspects, as shown in the following figure.

Through analysis, it can be seen that software project management can directly

affect the quality of software products, and customer satisfaction, etc. that are



the embodiment of software delivery performance. Software delivery
performance can directly affect the performance and long-term interests of
software enterprises. Therefore, the good management and ability of software
projects can improve the competitive advantage of software enterprises, the
quality of services for customers, and the performance of enterprises and help

the implementation of other business behaviors of enterprises.

Help enterprises
better optimize
the
organizational
structure of
Help to evaluate software Help
projects during proiects development
implementation teams integrate
and after " the workflow
completion and reduce the
Main role of cost and
software project workload

management

Help software
development Help software

teams form a org_anize}tions
smooth and ] identify
effective cu§tomer
communication requirements
mechanism Make software
. projects well
planned and
feasible

Figure 3 Main role of software project management

3.4.3 Core factors of software project management

By studying the literature on software delivery efficiency, data intelligence and
application, the author finds that the factors affecting software delivery
performance mainly include organizational structure, workflow, requirement

management, schedule planning, staff motivation, corporate culture, and



post-project assessment (Zhu Daogang, 2020; Xie Wenjuan, 2020; Zhao
Yuehua, 2017; Song Huilin, 2017; Wang Zhaojuan, 2009; Liu Xuan, 2010). As
a method and technology, data intelligence will support and drive the
realization of application scenarios in all walks of life, including post-project
assessment, organizational structure, production technology improvement,
production process optimization, and intelligent comprehensive decision
making (Shao Zhou, 2020; Sun Xinbo et al., 2019; Wang Xiwen, 2016; Zheng
Shuquan et al., 2017). Therefore, in combination with the characteristics of
software project management and software project delivery, as well as the
research status of data intelligence and software delivery performance, this
dissertation sets task level evaluation, coordination, team structure, process
control, process integration and modularity as mediating variables.

(1) Task level evaluation

Task level evaluation is to provide multiple warnings for decision makers or
managers of software projects to choose task levels and implementation plans,
requiring objective and accurate collection and true and complete presentation
of information related to software project development such as resources,
technology, market, finance, economy and society to managers, so that
software managers can keep an eye on the overall situation and make correct
decisions. The significance of task level evaluation is to objectively evaluate
all task-level work, thereby improving the performance of task-level delivery.

(2) Coordination



A software project involves personnel, resources, cost, time, and product
quality, etc., so coordination in software development is not limited to the
internal team, but involves five internal and external aspects of the entire
organization, namely, individual, team, project, company and business
environment.

(3) Team structure

The core of a software development project is team members. A complete
project cannot be completed without the participation of team members.
Similarly, for a software project team, it is impossible to complete a project in
the absence of an important role in the development process. The completion
of a software project requires the deployment of the team's work, the
integration of business technologies, the improvement of the team's response
speed, and the reasonable allocation of resources. Therefore, a complete and
efficient team structure has a significant impact on software delivery.

(4) Process control

The process of software from development to delivery is an orderly work
under the requirements of the institutional framework. Establishing an
accurate and reasonable project management process enables software project
managers to make a plan for what technology is needed to realize software
functions before the development. By strengthening process control, software
project managers can effectively utilize resources of software enterprises,

reduce project risks, improve the efficiency and quality of project



development, start and deliver projects on time, and make software better meet
the requirements of customers and stakeholders at the time of delivery.

(5) Process integration

Process integration refers to a measure to maintain an enterprise's competitive
advantage through the continuous development, improvement, and integration
of business processes, including the process of sorting out, improving, and
integrating existing workflows. It essentially optimizes and redesigns the
business process in order to achieve breakthroughs in software quality, project
cost, development speed, product quality and service. Software delivery
process includes software development process and project management
process. In the software delivery process, it needs to dynamically balance the
relationship among time, cost, and quality around delivered software
capabilities to achieve the goal of consistently generating the effective value
for users. Therefore, the improvement of software delivery performance
requires process integration according to the requirements of the delivered
product and the software delivery capability of the software enterprise.

(6) Modularity

The principle and process of modularity is very simple. At its core is the
replacement of formal and strict specifications with interactive and quickly
established modules. Customers can provide real and concrete feedback for
developers through the modularity of hands-on operation and test on

computers.



Modularity: by showing customers the modularity of actual operations,
customers can "see and touch" the system, and give very clear opinions on the
system, improving the communication between customers and developers.
Using modularity, customers play a leading role in the process of system
development, and can help developers understand the real requirements of
customers, and more effectively identify user requirements, which can not
only shorten the time of requirement analysis, but also reduce developers'
misunderstanding of user requirements, so as to significantly reduce the time
of requirement change, improve the quality of requirement analysis and reduce
the risk of system development. Based on the above, software enterprises can
use modularity to improve the development speed of software projects or
products, and thus enhance the software delivery performance.

3.5 Literature summary

3.5.1 Literature contribution

After reviewing extensive literature on resource-based theory, data intelligence,
software project management, and software delivery performance, we
regarded data intelligence, software project management methods and
experiences including task level evaluation, coordination, team structure,
process control, process integration, and modularity as an important resource
for modern enterprises under the framework of resource-based theory, and

obtained the following table of variables.



Table 5 Variables

3.5.2 Insufficient literature

Independent
variable

Intermediate variable

Dependent variable

DI (Data D,
Technology T,
Prediction and

decision- making

capability P)

Data intelligence

Task level evaluation TLE

Coordination C

Team structure TS

Process control PC

Process integration Pl

Modularity M

Software delivery
performance SDP
(Short-term Performance
SP, Long-term benefits LB)

® Data intelligence is a new concept, while the existing studies on data

intelligence were mostly conducted from a technical perspective, and few

examined its influence on management.

® Software delivery performance was obtained by measuring technical

indicators in most of the studies, and there is a lack of management

indicators.

3.5.3 Content of research

The research was carried out to examine the mechanism and path of data

intelligence to improve software delivery performance and to extend it to

organizations of other industries. The impact of data intelligence on

organizational performance was investigated from an integrated perspective of

technology and management.



Chapter 4 Theory and hypothesis
4.1 Application of RBT in this dissertation
Resource-based theory (RBT)
The core basis of the resource-based theory (RBT) is to assume that
organizations compete with other organizations based on their own resources
and capabilities and are rational when making decisions to select and
accumulate resources. Organizational resources are considered as a set of
attributes that can effectively help an organization compete in the market and
achieve its vision, mission, strategy and goals.
In this research, IT technologies and methods (including data intelligence),
management (software project management methods and experiences
including task level evaluation, coordination, team structure, process control,
process integration, modularity) as an important resource for modern
enterprises. Through data analysis, a model was established to investigate how
organizational resources can be transformed into a competitive advantage that
is rare, difficult to imitate, and irreplaceable by other resources. Specifically, if
data intelligence has a positive impact on software delivery performance, it
will definitely form the competitiveness of an enterprise and realize the vision
and strategic goals of the enterprise.
4.2 Model used to study the impact of data intelligence on software
delivery performance

Therefore, this study sets data intelligence as an independent variable,



sets task level evaluation, coordination, team structure, process control,
process integration and modularity as intermediate variables, and sets software
delivery performance as a dependent variable to analyze the direct impact of
data intelligence on software delivery performance, and how data intelligence
affects software delivery performance through intermediate variables, and then
analyzes the relationship between data intelligence and software delivery

performance. The research model is obtained as follows:

mediator

Software delivery

data intelligence performance

Figure 4 Model used to study the impact of data intelligence on software

delivery performance

Note: Hypothesis H1: Data intelligence has a positive impact on mediating
variables. Hypothesis H2: Data intelligence has a direct positive impact on
software delivery performance. Hypothesis H3: Mediating variables have a

positive impact on software delivery performance.



4.3 Hypotheses

Through literature review and theoretical research, we can see that data
intelligence can play a positive role in improving the software delivery
performance As there are many factors affecting software delivery
performance, this study focuses on analyzing the direct impact of data
intelligence on software delivery performance in light of the characteristics of
software projects and software delivery process; and selects task level
evaluation, coordination, team structure, process control, process integration,
and modularity as the mediating variables between data intelligence and
software delivery performance to analyze how data intelligence affects
software delivery performance through mediating variables, and the
relationship between data intelligence and software delivery performance.
4.3.1 Proposal of hypothesis

This dissertation mainly studies the relationship between data intelligence and
software delivery performance. Based on literature review and theoretical
research, we propose three hypotheses.

H1: data intelligence has a positive impact on mediating variables, including:
H1TLE: data intelligence has a positive impact on task level evaluation.

H1C: data intelligence has a positive impact on coordination.

H1TS: data intelligence has a positive impact on team structure.

H1PC: data intelligence has a positive impact on process control.

H1PI: data intelligence has a positive impact on process integration.



H1M: data intelligence has a positive impact on modularity.

H2: data intelligence has a positive impact on software delivery performance.
H3: mediating variables have a positive impact on software delivery
performance, including:

H3TLE: task level evaluation has a positive impact on software delivery
performance.

H3C: coordination has a positive impact on software delivery performance.
H3TS: team structure has a positive impact on software delivery performance.
H3PC: process control has a positive impact on software delivery
performance.

H3PI: process integration has a positive impact on software delivery
performance.

H3M: modularity has a positive impact on software delivery performance.

The list is as follows:

Table 6 Hypotheses on the impact of data intelligence on software

deliveri ierformance

H1TLE: data intelligence H3TLE: task level evaluation
has a positive impact on has a positive impact on

task level evaluation software delivery performance
H1C: data intelligence has a H3C: coordination has a

H2: data intelligence

has a positive impact

on software delivery
performance

positive impact on
coordination
H1TS: data intelligence has

positive impact on software
delivery performance
H3TS: team structure has a

a positive impact on team positive impact on software
structure delivery performance
H1PC: data intelligence has H3PC: process control has a

a positive impact on process positive impact on software




control delivery performance
H1PI: data intelligence has H3PI: process integration has a
a positive impact on process positive impact on software
integration delivery performance
H1M: data intelligence has H3M: modularity has a positive
a positive impact on impact on software delivery
modularity performance

4.3.1.1 Data Intelligence has a positive impact on task level evaluation in
software delivery

Task level evaluation is the systematical value evaluation for the
organizational structure, function, environmental compatibility, operability and
sustainability of tasks in the process of software delivery. Its main contents
include investment necessity evaluation, construction condition evaluation,
technology evaluation, and economic data evaluation. Task level evaluation is
divided into pre-task, mid-task and post-task evaluations by the task stage and
software delivery process. Pre-task evaluation means that when a task is
started, the risk and cost faced by the task are evaluated according to task
requirements, task construction contents, task stakeholders and other factors,
which can improve the predictability of the expected effect of the task, provide
a scientific basis for the task planning, and benefit the decision making of the
organization. Mid-task evaluation means that in the requirement and overall
design stage, the use of funds, progress, quality, and organizational
management of the task are evaluated according to task requirements, overall
design planning, actual construction situation of the task and difficulties faced

by the task, so as to provide a scientific basis for the adjustment of the task
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plan. Post-task evaluation is carried out near the end or after the completion of
a task to systematically and objectively analyze the achievement of the goal,
implementation process, benefits, role and influence of the completed task,
and provide effective process feedback, improving the decision making level
of task management.

Software task evaluation under the digital transformation of software delivery
management is the process of objectively and accurately collecting, analyzing
and evaluating comprehensive data on the internal status such as progress,
quality, cost, organization and management in the whole task cycle and the
external status such as the achievement of goals, changes in the technology
environment and the degree of emphasis and support of the undertaking entity
by using the corresponding information technologies, methods and means,
thus continuously improving the management decision-making level of the
task implementer.

Based on the big data engine, data intelligence can obtain, process, analyze
and mine the data involved in a task in a comprehensive and rapid way, and
extract the valuable information contained in data, enabling decision makers to
grasp the actual situation of the task accurately and timely. By using data
intelligence for software tasks, task-related information and data can be
obtained comprehensively and quickly, and the authenticity of information can
be compared and judged, to avoid the delay in task progress or too high cost

caused by information asymmetry; through big data and artificial intelligence



technologies, multiple tools such as scenario analysis and Monte Carlo
simulation can be well used to deeply analyze task risks, accurately judge risk
points, and calculate the probability of financial indicators falling short of
expectations (Zheng Honggen, 2018); in the process of software development,
if there is no good evaluation model or calculation method, the project
evaluation or estimate will be inaccurate, resulting in project delay or change,
and increasing the risk of project implementation encountering problems. At
present, the common project evaluation methods mainly include project cost
evaluation and project risk evaluation. At first, the project cost evaluation
method mainly relied on the expert system. Later, Symons proposed the
function point method (1988), which, from the perspective of users, measures
the software scale and estimates the software cost throughout the whole life
cycle by quantifying system functions and clarifying the scale of function
point data and code based on the system design. With the development of
artificial intelligence technologies, methods based on machine learning have
been applied to software cost estimation, mainly including neural network
(Kaushik A, Soni A K, Soni R, 2014), (Rijwani P, Jain S, 2016), Support
Vector Regression (SVR) (Song L, Minku Li, Yao X, 2013), Case Based
Reasoning (CBR) (Mendes E, Watson 1, Triggs C, 2002), genetic algorithm
(Gharehchopogh F S, Pouralia, 2015), heuristic algorithm (Kumari S, Pushkar
S, 2017; Rao, G. S., Krishna, C. V. P., & Rao, K. R.,2014), and fuzzy logic (Du

W L, Ho D, Capretzl F, 2015; Mittal A, 2010; Du W L, Capretzlf; 2013), etc.



The application of these algorithms to software project evaluation requires a
large amount of data, mainly from development teams in project management
data (including the number of personnel, and the composition of personnel),
products (function points, number of pages, number of database tables, and
number of lines of code), and implementation performance requirements
(number of users, number of concurrent users, and minimum response time).
According to the above discussion, software enterprises can use data
intelligence to carry out task evaluation more effectively, accurately
understand the matching degree and the technology matching degree between
task organizations and tasks, and the rationality of schedule arrangement,
clearly understand task risks, and improve the software delivery capability.
Therefore, we propose the following hypothesis:

H1TLE: data intelligence has a positive impact on task level evaluation.
4.3.1.2 Data Intelligence has a positive impact on coordination of software
delivery process

Coordination is to correctly handle all kinds of relations inside and outside
organizations, create good conditions and environment for the normal
operation of organizations, and promote the realization of organizational goals.
The PMBOK Guide prepared by the PMI defines project coordination
management as a process necessary for ensuring timely and appropriate
generation, collection, dissemination, storage, retrieval, and final disposal of

project information. It provides the critical connection between people and



information necessary for success. The coordination management in the
process of software delivery mainly refers to the information transmission and
understanding between the project team and other organizations and between
project team members. It runs through the whole life cycle of the software
project and plays a very important role in the successful delivery of the
project.

Healey et al. (2009) pointed out in their initial study that: "the responsibility
for addressing many important challenges of our time has fallen on
collaboration between different groups. Tasks as complex as drug development
projects, complex engineering projects, and military operations can no longer
be accomplished by just several persons, teams, or organizations, but rather by
collaboration among groups with a common goal."

Hoegl et al. (2005) combined multi-team with project research and
development in the study on multi-team interdependence in new products, and
defined the multi-team system as "a system consisting of interdependent unit
teams, each of which is only responsible for completing a certain component
and cooperating and communicating with other unit teams to complete the
entire product system".

At present, in order to reduce the management complexity caused by the large
software scale, most software projects are implemented under the multi-team
cooperation mode, and the realization of project objectives largely depends on

the process coordination among teams.



The coordination in the process of software delivery is mainly divided into
two aspects: one is the coordination in the delivery process, namely, the
coordination of personnel involved in the process of software delivery from
customer requirements to software production. With knowledge as the core
content, the coordination aims to better process knowledge and improve the
performance of the delivery process. The data required by this kind of
collaboration is the knowledge required in the software production process,
such as requirements, system architecture, detailed design, and program
interface, mainly in the form of knowledge transfer into explanatory texts and
related data (such as function points, and performance indicators). For
example, coordination between customers and required personnel, and
between requirements and designers. The other is management coordination,
namely, the coordination between the production process and the manager in
the process of software delivery. With information in the management process
as the core content, including the process plan, personnel allocation and task
allocation, and quality requirement data, the coordination aims to accurately
reflect the progress, quality and cost data of the project to facilitate the
response to the risks affecting the project delivery, and effectively control the
implementation of the software delivery process to improve the performance
of delivery management. For example, coordination between project managers
and project team members, and between customers and project managers.

In process collaboration, the matching degree between tasks and collaborators



directly affects the efficiency of software development. Rahman et al. (2015)
proposed to model workers according to their individual factors (skills and
wages) and group-based human factors (affinity in collaboration among
workers) and allocate workers according to optimization goals. Pascanu et al.
(2013) proposed an exploratory algorithm to understand workers' skills in
advance and assign crowdsourcing tasks to workers according to their arrival
time and the matching degree between skills and task attributes. Moayedikia
(2018) et al. automatically classified workers according to the similarity of
their behaviors, generated the corresponding automata, and used the
corresponding automata to automatically allocate tasks to workers according
to the classification results. Qiao et al. (2018) developed a new approach of
collaborative crowdsourcing task allocation, under which workers who have
completed tasks provide feedback to other workers, and models are built based
on the feedback to assess workers' affinity and ability values, and the matching
degree between specific tasks and workers is obtained based on the results of
the model.

The performance of coordination in software delivery is based on the accuracy
and timeliness of the information transfer process. The original coordination
modes (oral and written) have ambiguous and distorted situations. Meanwhile,
the data generated in the process of software development is characterized by
large amount of data, various types, low value density, fast speed and high

timeliness. The use of manpower to acquire data is inefficient and high-cost



and is not conducive to the extraction and analysis of value information.
Therefore, in order to ensure that information can be transmitted in real time,
efficiently and truly in the process of coordination, information should be
monitored and collected by relying on information technologies. By applying
data intelligence, big data, artificial intelligence, deep learning and other
technologies can be used to obtain data related to software project
management comprehensively and efficiently, and case bases and knowledge
bases can be established for learning of artificial intelligence. Data intelligence
related technologies can not only collect data and information quickly and
efficiently, but also use artificial intelligence to identify data authenticity. The
identification of data authenticity is of great significance for coordination
content analysis, result prediction and decision suggestion. Data intelligence
can also build project communication case bases and knowledge bases.
Artificial intelligence can promote the summary of massive information by
learning knowledge bases, improve the algorithm on the basis of the summary,
and then call information knowledge for analysis, prediction and suggestion,
S0 as to make project coordination more effective. In addition, many scholars
have studied the impact of data intelligence on project team coordination. For
example, Chen Long et al. pointed out through research that a large amount of
data will be generated in every link in the whole life cycle of software
development; if such data can be recorded for analysis and displayed and fed

back through visualization and other means, team management and project



management can be further promoted, and development efficiency will be
improved; by collecting and analyzing a large amount of data generated in
every link in the software development process and extracting valuable
information, the management of the agile software development process will
be promoted (Chen Long, Ye Wei et al., 2016).

In terms of data processing, the engine based on the ETL
(Extract-Transform-Load) method is a common way of data extraction and
integration, widely used in project management. Using the ETL method to
build the data conversion process and algorithm application, and defining data
conversion rules by analyzing user and industry data, the accuracy of business
data conversion will be improved. For example, in the process of project
management, the project manager accurately obtains the work progress,
quality and cost of the sub-project.

Based on the above discussion, it can be seen that software enterprises can use
data intelligence to better and more timely reflect the information acquisition
and processing in the process of software delivery, and accurately analyze the
status and problems in the process of software delivery, so as to improve the
team coordination in the process of software project management. So we
propose the following hypothesis:

H1C: data intelligence has a positive impact on process coordination.



4.3.1.3 Data Intelligence has a positive impact on team structure in
software delivery

Team structure of a software project is a structural system formed in terms of
job scope, responsibilities and rights for division of labor and cooperation in
the process of software project management in order to achieve team
objectives. According to the definition of software team structure, we can see
that evaluation indicators of team structure include: whether project objectives
are clear, whether the division of team structure is reasonable, whether
responsibilities and workflows of project personnel are clear, whether project
personnel match with work contents, and whether the composition of project
personnel is reasonable.

The relevant studies show that functional organizational structure, project-type
organizational structure and matrix-type organizational structure are the most
common project management modes (Luo Hanbin, 2008). In the functional
organizational structure, each functional entity is responsible for completing
the project work of its unit or specialty; the head of the functional department
is responsible for project coordination; and the superior department can give
instructions directly or indirectly to the subordinate department according to
its own management needs.

The project-type organizational structure refers to the establishment of
independent project teams according to the needs of project management. In

the project-type organizational structure, project teams operate separately from



other entities of the company and have their own technicians and managers,
and traditional functional departments are eliminated with their professionals
assigned to project teams. Meanwhile, the enterprise allocates certain
resources to project teams directly led by the project leader.

In the matrix-type organizational structure mode, there are two different types
of departments: vertical department and horizontal department. The
intersection of pointing dashed lines of the vertical department and the
horizontal department represents the work result. The work result is under
guidance from two sources, namely, the vertical department and the horizontal
department. If there is a conflict between instructions of the vertical
department and the horizontal department, the project leader should coordinate
or make a decision.

No matter which team structure is chosen for a software project, its purpose is
to achieve organizational goals, so an enterprise should choose a project
structure that can balance the project and meet overall organizational needs
according to its own characteristics, organizational culture and project
characteristics.

An enterprise needs to consider many factors in the selection of team structure.
Project factors, such as the scale, the technology used, and the characteristics
of project team members, are the dominant factors affecting the selection of
structure. Moreover, the actual situation of the enterprise is also an important

influencing factor. Therefore, factors that should be taken into account in



choosing the team structure include: (1) project scale and structure; (2) project
cycle; (3) enterprise management experience and level; (4) enterprise scale; (5)
the software technology level of the enterprise; (6) the allocation of human
and material resources of the enterprise. To sum up, the data in previous
projects on the factors to be considered in the selection of team structure is
required, so that data intelligence technologies can be used to analyze in the
structure selection and select a reliable, reasonable and efficient structure.

With the rise of big data and new-generation information technologies, some
new software delivery team modes also emerge, such as virtual team, platform
team, and agile and lean team. These teams characterized by temporality and
flexibility in dismissal improve the adaptability of enterprises in software
development, delivery and partner collaboration. Among them, the agile and
lean team mode integrates data analysis into the operation process and
decision making of enterprises to agilely respond to requirements for user data
analysis. It promotes enterprises to realize digital decision making in the
operation process from product planning, production and manufacturing to
precision marketing, and helps enterprises carry forward high-quality strategic
development and refined operation management reform. The virtual team
mode means that individuals cooperate in projects through information
technologies. These individuals may be from different regions, and team
members may be from the same organization, or from multiple organizations,

and may never even meet in person.



Therefore, the application of data intelligence can help software enterprises
better design and choose the team structure, and help managers formulate the
most appropriate team structure according to the characteristics of software
projects and the quality of employees.

In actual working scenarios, the construction of human resources of a team
mainly depends on the internal selection. The structure of a software delivery
team should be flexibly arranged after considering the specific situation. The
requirements of human resources of a team depend on the matching between
the abilities required by the specific work of the project and the individual
abilities of team members (person-post matching). In this process, based on
employees' personal conditions and specific requirements of posts, cyclic
neural network, deep learning network and other technologies can be used to
build a ability matching model to improve the post matching ability, clarify
team members' composition and division of labor, and enhance the efficiency
of team structure construction. Employees' individual abilities are quantified
by means of fuzzy comprehensive evaluation and analytic hierarchy process
for accurate screening and decision-making aid. In the delivery team
construction and assignment decision making, the simulated annealing
algorithm and multi-objective particle swarm optimization algorithm can be
used to design the team model, so as to improve the ability of team
construction; considering the consistency of the overall goal and the

complexity of multiple sub-goals in a software delivery team, the conventional



team work coordination and evaluation methods are not enough to deal with
the multi-goal situation, so it is necessary to use the Myers-Briggs type
indicators, and Kolber indicators to achieve the model transformation of team
coordination goals. In order to verify the future work performance of
construction of software delivery teams, it is necessary to build a team
performance model with considering the influence of many factors, such as
scenario and trust formation, and predict the accuracy of team construction
schemes. The personal evaluation method for team members is to give the
comprehensive score after considering individual work positions and actual
performance, and realize the scientific evaluation of individual work through
the application of artificial intelligence technologies and analysis algorithms
according to individual work evaluation indicators (Zhang Xiang, 2013; Qin
Chuan, 2021).

Under the technical requirements for building of software delivery teams, the
capability requirement for enterprise extension is the capability requirement of
data. The modeling technology is almost completely dependent on the
realization of business data of enterprises, and the mathematical model must
be built on the basis of data. In view of employees’ personal data portraits,
data on capability evaluation indicators for human resources, work data, and
data on software projects, the big data environment is built based on the
different requirements of technologies for the type and quantity of data, and

the connection is realized through mathematical modeling, finally realizing the



structure construction and optimization of the software delivery team system.

In addition, as an important means of digital transformation of enterprises,
data intelligence also provides important capabilities for the design of team
structure for software projects: firstly, data intelligence increases the capability
of project management, resulting in the reduction of the role of the
intermediate management level and the number of people, making the
management level shrink, and promoting the team structure to be flat, the
information communication between the upper and the lower to be fast and
smooth, and the cooperation and coordination relationship to be strengthened;
secondly, data intelligence provides a powerful platform for software delivery,
enabling project teams to gradually realize the data sharing and integrated
management of the whole team from procurement, production, sales, and
services to accounting, finance, personnel, research and development, realize
the combination of material flows and information flows, and promote the
unified, continuous and integrated reform of the team's business process, and
enabling software enterprise managers and project managers to make
decisions by using shared data, and improve the accuracy and efficiency of
decision making. Chen Long et al. pointed out that every link in the whole life
cycle of software development will generate a large amount of data. If such
data can be recorded for analysis and presented and fed back through
visualization and other means, team management and project management can

be further promoted and development efficiency can be improved. By



collecting and analyzing a large amount of data generated in every link in the
process of software development, valuable information is extracted to
facilitate the management of agile software development process (Chen Long,
Ye Wei et al., 2016). Yin Yilin studied the organizational form of multi-project
management and proposed a special organizational structure -- PMO, under
which a management office is established to optimize the organizational
structure of the team, and effectively coordinate the internal operation and
integrate and allocate resources of the team, so as to share experience and
results, improve the project progress, reduce the project cost and enhance the
core competitiveness of the enterprise (Yin Yilin, 2008). In the article on team
structure optimization in the era of big data, Guo Xiaofang et al. pointed out
that mining and analyzing the development of "big data" and "big data" related
technologies in the human resource management system can form an
information network with employees' information as the point, departments as
the line and teams as the network, so as to better promote the coordinated
development of personnel, affairs and teams (Guo Xiaofang, Liu Rong, Ma
Xiaoyu, 2019).

Based on the above discussion, it can be seen that the application of data
intelligence can better realize the rational allocation of team resources and
create favorable conditions for team members to give full play to their
subjective initiative and their own labor potential; it can help software project

teams realize the comprehensive analysis on teams, posts, personnel, business



and other aspects, and provide data support for optimizing the composition of
personnel, affairs and teams in the process of software delivery and improving
work efficiency. So we propose the following hypothesis:

HATS: data intelligence has a positive impact on team structure.

4.3.1.4 Data intelligence has positive impact on process control in software
delivery

Software project process refers to the process of providing a reasonable and
feasible resource arrangement for the operation of software engineering and
the management of software project activities. The project process provides a
framework for the project leader to reasonably estimate the resources, funds
and development schedule required for software project development, and
control the implementation of the software project development process
according to the process. Software project process is the process management
of project scope process, project progress process, project quality process,
project resource process, project communication process, project risk process,
project procurement process, change control process and allocation
management process. The most common realization stages of software process
includes six stages: initial stage, formulation of software development process,
examination and approval of software development process, implementation
of software development process, measurement and evaluation of software
development process, and modification of software development process.

At present, the specific process of software projects changes and develops on



the basis of the classical software engineering theory. Software engineering is
a subject that studies how to use systematic, standardized, quantitative and
other engineering principles and methods to develop and maintain software.
(Pfleege, S. L, 2003) On the basis of integrating classical software process
models -- waterfall model, incremental model, iterative model and spiral
model -- software capability maturity model and traditional project
management theory, the process control of software projects of enterprises is
connected with each link of the software project process, and divided into four
dimensions, namely, time management, cost management, quality
management and risk management throughout the whole process of software
projects. These four dimensions are the main control directions of enterprises
in the software project process. (Qi Zhichang, 2019, Liu Hai, 2020).

The preparation of software project process is the most complex activity. In
order to make a realistic and practical process book, it is necessary to analyze
the development cycle, project scale and cost of the software development
project and control the implementation of the project. Due to the one-off
characteristics of projects, project control is different from other management
controls. In the whole process of process management, the project manager
needs to evaluate the implementation results according to the latest
information of the project and the amount of costs, manpower or other
resources invested, and take the corresponding corrective measures by

comparing, judging and negotiating with the benchmark process. The specific



control management of projects mainly uses Gantt chart, critical path method,
earned value analysis and other methods and tools.

The software development process and project management considered in
software engineering are the scope of consideration in the software project
process. Due to the complex, dynamic and systematic characteristics of
software projects (Lai L. S, 1997), in analyzing each link in the software
project process, it can be found that there are many specific uncertain factors
in the control link of each process, such as the feedback system in software
projects, a variety of nonlinear relations and time delays, and a large number
of assumptions hardly defined and other factors (Ning Xiaogian 2004; Yang
Chen, 2018), which leads to a decrease in the controllability of the overall
software process and has a negative impact on the delivery performance of
software projects. In order to further eliminate all kinds of adverse factors in
the software project process and improve the controllability of the software
project process, the construction of the control ability and method of the
software process containing the above uncertain factors is the key content of
the control of the software project process.

Under the condition of considering the characteristics and processes of
software projects, and in combination with the current experience of software
projects of enterprises, through analyzing from the perspectives of time
management, cost management, quality management and risk management of

enterprises, the key links of project process control are mainly concentrated in



five fields, namely, requirement control, cost estimation, project resource
scheduling, software quality control and project risk management.

In terms of requirement control, due to the complexity of customers'
requirements for software, process control of software projects focuses on the
optimization of software requirements. Requirement optimization is to
establish a relative selection order of selected elements by assigning different
weights to different requirements to be optimized, that is, the complex
qualitative problem is transformed into the mathematical problem based on
ordering. Currently, the widely used requirement optimization technologies
based on ordering mainly include Analytical Hierarchy Process (AHP),
Quality Function Deployment (QFD) and Cumulative Voting (the 100-Dollar
Test). The key of requirement selection focuses on four aspects: solving the
clustering of large-scale requirements, solving the multi-employer conflict,
dealing with the conflict between requirement dependence and requirement
optimization, and solving the optimization of requirement change schemes
(Garg N, 2017). (Dong Zhixiang, 2018) Through the analysis on the relevant
research results at home and abroad, the current solutions to the four directions
mainly rely on artificial intelligence technologies such as natural language
processing technology, hypergraph technology, genetic algorithm, neural
network and multi-objective analysis. It involves data de-redundancy,
clustering and analysis, and requires the processing of a large amount of

enterprise data (Srinivas N, 2014).



In terms of cost estimation, the main direction of control is cost control. Due
to the characteristics that project cost estimation often produces large errors
along with the change of real-time time, in combination with the uncertainty
of multiple factors such as time, space, and resources of the software project
process, the core control direction of enterprises is cost warning and correction
strategy. At present, the main optimization methods focus on the realization of
the mathematical model of cost deviation based on the control theory.
Considering the cost attribute of cost control, the key points of calculation in
different stages, and the complex relationship between data, the improved
neural network algorithm, clustering algorithm, and group decision algorithm
are used to realize the control process from cost estimation to decision change.
Among them, although the clustering algorithms such as K-means have low
dependence on sample data, neural networks and group decision algorithm
models still need a large amount of data for learning to meet the actual
requirements of cost control (Gao N, 2020; Sun Xiaokun, 2021).

In terms of project resource scheduling, restricted by the objective condition of
limited resources enterprises can actually grasp, how to achieve the most
efficient allocation of project resources through appropriate resource
scheduling methods and make appropriate changes and controls along with the
changes in the project process is the focus of project resource scheduling,
which is a typical resource-constrained project scheduling problem (RCPSP).

This problem is often solved by Memetic algorithm and other algorithms. In



essence, it is a combination of genetic algorithm and local search strategy
(simulated annealing algorithm, and tabu search algorithm, etc.), which finally
obtains the calculation results by relying on input in operation of a large
number of training data and constant iteration (Chen Di, 2016).

In terms of software quality control, due to the change of the software project
development process, user use and new computer technologies, it is a
constantly changing process in essence, and will always exist with the life
cycle of software. Therefore, it is necessary to fully consider the control ability
of the software project process and software itself. From the perspective of
operability, the current mainstream control directions include software
reliability evaluation, software defect detection and dynamic software update
ability. The solution to the above problems is the integration of computer
technologies and mathematical methods. Artificial intelligence technologies
such as the construction of cyclic neural networks, transfer learning and
machine learning methods are used to achieve the control ability in complex
scenarios (Zhang Jie, 2019; Xu Xiaohui, 2011; Xu Zhou, 2019; Qiu Shaojian,
2019).

Project risks need to be controlled in every link of a software project. Under
the condition of high project complexity and degree of change, due to the
limitation of human cognitive ability and the change of the external
environment, there are higher requirements for the level and ability of project

risk assessment and management. In terms of risk identification, risk



identification and evaluation models are constructed by the risk matrix, fuzzy
comprehensive evaluation method and Broda ordinal value method; in terms
of risk management, the control and optimization model for project risks is
realized based on the earned value method and genetic algorithm. The above
methods are implemented based on statistics and computer technologies, and a
large number of enterprise data (Zhao Jinyuan, 2015; Shan Xiaohong, 2010).
Based on the above discussion, it can be seen that software enterprises can use
data intelligence to monitor project status in real time, process and analyze the
acquired data, and provide data support for evaluation and decision making of
process control of software projects. Therefore, we propose the following
hypothesis:

H1PC: data intelligence has a positive impact on process control.

4.3.1.5 Data Intelligence has a positive impact on process integration in
software delivery

A complete business process is usually completed through coordination of a
number of fine-grained business processes, which come from the existing
independent systems within an enterprise. A business process integration
scheme is mainly to connect these business processes across heterogeneous
systems, making the overall business process become a closed loop from the
perspective of the enterprise. Among them, information transfer is particularly
important. Process integration involves the overall coordination of business

processes and activities in a software development environment. It involves



the effective task division of each post or unit, and the subsequent
coordination of the execution of tasks within the enterprise and between the
enterprise and customers (Van de Ven A H, 1976). When the uncertainty of a
software project is high, a lot of mutual adjustments between different
processes are required (Fairbank J F, et al, 2006).

In CMMI, there are the corresponding requirements for process integration
and quantitative management of software enterprises. CMMI is divided into
five levels: level 3 is definition level, where all processes in the software
delivery process are identified and defined; software processes for
management and engineering are documented and standardized, and standard
software processes for the entire software organization are formed, with a
focus on process. Level 4 is quantitative management level, where software
process and product quality are understood and controlled quantitatively, with
a focus on performance management of the delivery process, and quantitative
project management is carried out. Level 5 is continuous integration level,
which focuses on organizational renewal and deployment, reason analysis and
decision making based on the quantification at level 4. The CMMI system
does not advocate cross-level evolution, because from the second level on, the
implementation of each lower level is the foundation for the implementation
of the higher level, which also shows that quantitatively expressing the
performance of the software delivery process in the form of data is the

foundation for the integration of the software delivery process.



Wang Xiwen pointed out that the specific application of big data can realize
the integration of the data-driven production mode, make the process within
the factory and between cooperative factories more agile and efficient, and
promote and realize the innovation of products, processes, and operation and
business modes; big data can promote the innovation-driven development of
the manufacturing industry through three aspects: production technology
improvement, production process integration and energy consumption analysis
(Wang Xiwen, 2016).

The use of big data and artificial intelligence technologies constitutes the
cornerstone of information processing capability (Fairbank J F, 2006).
Powerful technological means can facilitate the recording and retrieval of
information about the software delivery process, and make it more feasible to
formalize the process (Mithas S, Whitaker J, 2007). Formalized processes help
software organizations improve the process efficiency, so that each process
can operate in a unified, fast and stable manner. Big data and artificial
intelligence can integrate processes well, so as to make better use of resources
and reduce costs. In general, effective big data and artificial intelligence
technologies can reduce the increase in project costs, slow progress and low
quality of software caused by the increase of uncertainty. For example, big
data technologies can be used to digitally input and archive documents
generated in software projects and formulate unified digital labels for

centralized classification, making it convenient to change and refer to when



there is a change in requirements or reference in the later period; meanwhile,
they can store and back up data in the cloud, reducing the complexity of paper
versions, forming the digitization and integration of data, and solving the
problems about storage time and space of data.

In addition, different data intelligence methods, artificial intelligence,
optimization and online processes can be applied to every process of software
delivery (Kulkarni, R. H, 2017). The process of artificial intelligence is a fully
automated process that works like an expert's brain, so it can make the process
planning for software delivery more accurate. Besides, it is important that the
optimization process generates effective plans by searching for candidate
solutions available in the surrounding environment, and the online processing
of plan updates allows for more efficient and timely planning of software
processes. Therefore, intelligent estimation, optimized scheduling, and online
tracking are effectively integrated to achieve improved performance in
software development, and product quality can be guaranteed through the
estimation of results by intelligent agents.

With the continuous development of big data and other information
technologies, as big data has the characteristics of multi-source heterogeneity,
large quantity, variety, fast speed and authenticity (Tao et al, 2018), the
accumulation of data prompts many companies to use big data analysis
methods to convert data into useful information, with a view to improving

decision making and supporting performance in software delivery (Hazen B T,



2014; Papadopoulos T, 2017). Therefore, through the application of data
intelligence, software enterprises can comprehensively and quickly obtain all
the data generated in the process of software delivery, provide data support for
enterprise operations, reduce the variability of process performance of projects,
and make projects enter the acceptable quantitative boundary, so as to achieve
the overall control of products and project processes and the quantitative
prediction of organizations' software process capability. At the same time, data
intelligence provides analytical data for continuous process improvement of
organizations and projects through real-time monitoring and intelligent
analysis of data in the whole process, enabling managers to conduct process
integration with new technologies and new methods. Sun Xinbo et al. pointed
out through research that the rational application of big data is conducive to
improving the supply chain agility of enterprises. The supply chain agility is
divided into customer agility, process agility and partner agility (Sun Xinbo,
Qian Yu et al., 2019).

The integration of the software delivery process aims to simplify complicated
links, rearrange unreasonable links and make up for missing links according to
the characteristics of delivered software products, and finally achieve the
efficient process. Based on the above discussion, it can be seen that software
enterprises can use data intelligence to better manage and control the process
of organizations and projects, and continue to carry out process integration.

Therefore, we propose the following hypothesis:



H1PI: data intelligence has a positive impact on process integration.

4.3.1.6 Data Intelligence has a positive impact on modularity in software
delivery

Modularity refers to an experimental and simple application software with
basic functions developed by system analysis and design personnel in
cooperation with users on the basis of defining users' basic requirements in a
short period of time. The modularity method is a system development method
with the new design idea, process and method gradually formed on the basis of
the database system, the fourth-generation program generation tool and system
development and generation environments. With the modular system
development method, after obtaining a set of basic requirement definitions, the
visual development environment of advanced software tools can be used to
quickly establish an initial version of the target system, and after the initial
version is given to users for trial, supplement and modification, and develop a
new version. This process is implemented repeatedly until the "exact solution”
of the system is obtained, that is, until the user is satisfied. It can effectively
solve the problem that it is difficult to accurately define software requirements
of software projects, and improve the delivery performance of software
enterprises.

The core of the modularity method is to give versions to customers, allow
customers to comment on software products through presentation, and

improve the communication between users and developers, so the most



important thing is to let customers understand modular products. Therefore,
human-computer interaction technologies can be used to improve the software
design or development process. Interaction technologies are user-oriented, and
support meaningful communication through circulation and collaboration
between people and technologies. Successful interaction design has simple and
clear goals, strong purposes, and intuitive interfaces. At the same time,
automatic suggestion tools can be integrated into modular products to further
improve the product development process and increase the delivery capability.
The user-oriented modularity method can identify user requirements more
effectively, which can not only shorten the time of requirement analysis, but
also reduce the misunderstanding of user requirements by developers, thus
significantly reducing the time of requirement change, improving the quality
of requirement analysis and reducing the risk of system development. In
addition, some scholars have made an empirical study based on the
hierarchical model established by the modularity method and in combination
with the construction of actual software projects. The results show that this
model can not only better solve the division of labor and cooperation among
developers, customers and information management departments in software
projects, but also better solve the requirement change management, so as to
ensure the progress and quality of projects (Xiao Jin, 2009).

Therefore, software enterprises can use data intelligence to comprehensively

and efficiently collect data related to user requirements for processing and



analysis, and improve the matching degree between functions of the modular
system and business requirements of users, and shorten the cycle of
modularity correction and development; data intelligence can also use
artificial intelligence and other technologies to carry out deep learning on
software projects, dig out functional requirements and designs of similar
projects, and provide users with more appropriate systems. Based on the above
discussion, software enterprises can use data intelligence to better carry out
requirement analysis and rapid development of modular systems. Therefore,
we propose the following hypothesis:

H1M: data intelligence has a positive impact on modularity.

4.3.2 Data intelligence has a positive impact on software delivery
performance

Driven by big data and application scenarios, data intelligence is an emerging
subject that integrates data acquisition, processing, analysis and visualization
technologies from multiple subjects to provide actionable criteria for complex
management decision making practice in the real world. As the starting point
of data intelligence, big data improves the training effect of models and
directly drives the development of data intelligence. So big data analysis
capability is the key ability of data intelligence. Big data analysis capability
(BDAC) is broadly defined as the ability to provide business insights by use of
data management, infrastructure (technologies) and talents' (personnel's)

capabilities to transform business into competitiveness (Kiron et al., 2014). A



large number of literature points out that BDAC has a positive impact on
enterprise performance. (Wixom et al., 2013; Akter et al., 2016; Wamba et al.,
2017; Gupta & George, 2016) and others demonstrated through the large
sample survey that BDAC directly and significantly affects market
performance and operational performance of enterprises. Xu Guohu (2017)
carried out the research with 66 listed enterprises that have implemented the
big data system as samples, showing that big data capability can improve
operational performance and profit performance of enterprises.

Concerning specific enterprise performance indicators, the existing literature
indicates from the perspectives of price optimization and profit maximization
(Davenport and Harris, 2007; Schroeck et al., 2012), sales, profit rate and
market share (Manyika et al., 2011), and return on assets (ROA) (Barton and
Court, 2012; Columbus, 2014; McAfee and Brynjolfsson, 2012; Ramaswamy,
2013; Srinivasan and Arunasalam, 2013) that big data capability can help
enterprises reduce costs or improve the quality of products and services, thus
improving enterprise performance. Chen et al. (2015) studied the application
of big data capability in the supply chain and pointed out that big data
capability has a positive impact on productivity and business growth of
enterprises.

Software delivery performance is an important part of performance of
software enterprises, so we propose the following hypothesis:

H2: data intelligence has a positive impact on software delivery performance.



4.3.3 Relationship between intermediate variables and software delivery
performance

The improvement of software delivery performance requires the efficient
operation of software delivery organizations, and the division of labor and
effective communication and coordination of delivery teams; adoption of
engineering methods such as modularity and process integration according to
the characteristics of delivered software; timely and accurate process control
according to the status of project implementation; accurate evaluation of the
delivery process. Therefore, this dissertation analyzes the actual relationship
between intermediate variables, such as task level evaluation, coordination,
team structure, process control, process integration and modularity, and
software delivery performance.

4.3.3.1 Relationship between task level evaluation and software delivery
performance

Task level evaluation is to provide decision makers with multi-aspect warnings
for the selection of task levels and implementation schemes, and strive to
objectively and accurately collect and present to decision makers the data and
facts related to task level implementation such as resources, technology,
market, finance, economy, and society in a true and complete manner,
enabling them to be in a more favorable position and make the right and
appropriate decisions based on facts, and laying the foundation for the

implementation and comprehensive inspection of the investment task level.



The significance of task level evaluation is to objectively evaluate all the work
at the task level, so as to form performance conclusions on the results brought
by the task level and its members.

Task level evaluation of software is mainly to evaluate the requirements,
organization, plan, cost, risk and quality involved in the task level through
scientific and reasonable means and methods. The quality of task level
evaluation directly affects the progress, cost control, risk prevention and
quality of software projects, and at the same time, the evaluation results are
applied to current and future software projects.

Definitive evaluation, often called bottom-up estimate, is a technology of
breaking down work elements into smaller components. Estimates are
prepared to meet the requirements of each lower and more detailed work, and
summarized into the total number of work components (P.M. Institute, 2004).
The accuracy of bottom-up estimate depends on the scale and complexity of
the work identified at lower levels (P.M. Institute, 2004). The nature of this
technology is divide and rule. Large deliverables are broken down into smaller
sub-deliverables that are further divided into the work tasks required to
develop such deliverables (P.M. Institute, 2004; Vicinanza, 1991). By
summarizing such smaller and more accurate estimates, the predictability of
project costs and the duration of deliverables can be increased.

Scholar Yang Li (2010) proposed an extension evaluation method for the

possible risks of software projects, including a comprehensive evaluation



method from the perspective of factors affecting software delivery, and an
evaluation method for each event according to the probability of occurrence of
each factor or risk and the possible consequences and losses, and verify the
performance of the above methods through examples (Yang Li, 2010). In the
process of software project development, each type of project uses different
technologies, personnel, hardware, communication and coordination issues,
and trust among personnel, etc. Khan, A. W. Et al. analyzed the weights of
different factors in different projects through the AHP to evaluate the status of
projects, providing a framework for dealing with problems about software
reliability in software environment and playing a crucial role in determining
the organizational success of software projects (Khan, A. W., 2021). Based on
the above discussion, if enterprises can effectively conduct the task level
evaluation, they will improve the project management from two main aspects,
namely, cost and progress, and enhance the delivery performance of projects.
So we propose the following hypothesis:

H3TLE: task level evaluation is positively correlated with software delivery
performance.

4.3.3.2 Relationship between coordination and software delivery
performance

A software project involves personnel, resources, cost, time, and product
quality, etc., so coordination in software development is not limited to the

internal team, but involves five internal and external aspects of the entire



organization, namely, individual, team, project, company and business
environment.

Software delivery management involves cost, time, scope and other targeted
management, as well as quality, risk, procurement, coordination, human
resources and integrated management. However, as software is a logical entity,
which is intangible, invisible and difficult to monitor in essence, software
quality problems are basically caused by human errors, and coordination is
also an important factor to prevent human errors. In addition, a large part of
the work in project management, such as time, cost, quality, manpower, risk
and procurement, is coordination with people. Therefore, coordination
management is highly valued in software development.

Coordination in software development is not limited to the internal of a team,
but involves the internal and external of the entire organization. Curtis,
through field research, presented a hierarchical structure of coordination of
software organizations, including five levels: individual, team, project,
company and business environment (Curtis, 1988).

Organizational structures, such as horizontal coordination devices, are placed
in organizations to improve performance (Blake and Mouton, 1985). They
form formal structures that improve organizational efficiency and also provide
a small amount of communication and control (Nystrom, 1978).

In addition, Yang Kun et al. believed that communication and coordination

among personnel and organizational factors in software development are



important issues affecting the production efficiency and availability of
software (Yang Kun et al.,, 2004). Curtis studied 17 large software
development projects with the interview method, and proposed that
interruption of communication and coordination is one of the main reasons for
failure of software projects (Curtis, 1988).

Based on the above discussion, coordination plays an important role in
software project management, and software organizations can enhance the
software delivery performance by improving coordination in teams. So we
propose the following hypothesis:

H3C: Coordination is positively correlated with software delivery
performance.

4.3.3.3 Relationship between team structure and software delivery
performance

Firstly, organizational structure is not only the way of existence of the material
system, but also the basic attribute of the material system. It is the basis and
premise for the system with integrity, hierarchy and functionality. Without a
proper framework, there will be no clear form (Ci Hai, 1999). According to
Sun Biao, the organizational structure includes three key factors: firstly, the
organizational structure determines the formal reporting relationship of an
enterprise, including the management range and hierarchical relationship of
managers; secondly, how to combine individual employees into independent

departments, and then combine departments into the whole enterprise is also



determined by the organizational structure; thirdly, the organizational structure
contains a set of process systems, guaranteeing the effective cooperation and
communication among departments (Child, 1984; Sun Biao, 2011).

The core of a software development project is team members. A complete
project cannot be completed without the participation of team members.
Similarly, for a software project team, it is impossible to complete a project in
the absence of an important role in the development process. The completion
of a software project requires the deployment of the team's work, the
integration of business technologies, the improvement of the team's response
speed, and the reasonable allocation of resources. Therefore, a complete and
efficient team structure has a significant impact on software delivery.
Traditional team structures for project management can be divided into three
types: functional, project-type and matrix-type. The comparative analysis is
shown in the figure below (see Table 7). Among them, the functional team
structure is applied in a smaller range, mainly technology projects; the
project-type team structure has advantages in large-scale construction projects,
especially those with uncertain environment and complex technology; the
matrix-type team structure can realize rational utilization of resources when

managing large-scale projects.

Table 7 Pros and cons of three team structures for project management

Name Pros Cons

(1) Control resources; (1) Lack of knowledge and

Project-type ) ) )
(2) Responsible to customers. information exchange;




Name Pros Cons

(2) Lack of resource allocation.

o (1) Not comprehensive enough;
(1) No duplication of effort;
(2) Too slow to respond;

Functional (2) Excellent functional
activities (3) Lack of customer
knowledge.
(1) Rational use of resources; (1) Multiple leadership;
Matrix-type (2) Realize the application of all | (2) Imbalance of rights;

projects; (3) Lack of coordination
(3) Good communication effect. | petween projects.

Wang, Z proposed that in a Free/Libre and Open Source Software (FLOSS)
project team, different roles make different types of contributions to the
project, and proved that maintaining a reasonable team structure is of great
significance to the potential growth and expansion of the project (Wang, Z,
2015). Therefore, we propose the following hypothesis:

H3TS: team structure is positively correlated with software delivery
performance.

4.3.3.4 Relationship between process control and software delivery
performance

The process of software from development to delivery is an orderly work
under the requirements of the institutional framework. Establishing an
accurate and reasonable project management process enables software project
managers to make a plan for what technology is needed to realize software
functions before the development. By strengthening process control, software
project managers can effectively utilize resources of software enterprises,

reduce project risks, improve the efficiency and quality of project

T



development, start and deliver projects on time, and make software better meet
the requirements of customers and stakeholders at the time of delivery.

According to the control theory, the tighter control over the processes used by
an organization will increase productivity by reducing errors and rework
(Carver and Scheier, 1981; Lord and Hanges, 1987). The feasible software
delivery process is one of the key issues affecting the success or failure of a
project. The delivery process control is the key to improve the management
level of the delivery process. In software delivery management, it is necessary
to effectively conduct process control management, analyze and identify
factors, resource constraints and allocation that affect the project, effectively
conduct the scientific and reasonable process preparation of progress, cost,
quality and risk, constantly strengthen the process control level, optimize
control measures, intensify the monitoring of the delivery process, and
implement effective control over the delivery process, thus improving the
delivery performance and market competitiveness of enterprises. Cao, P.
proposed a new method for optimizing the process of software projects based
on the rate of return of projects, established a control model for software
projects and proposed an optimization algorithm. This method can change
passive control into active control before the implementation of each process,
and provide an effective tool for managers to implement process optimization,
greatly promoting the possibility of success of software projects (Cao, P.,

2009). Based on the study on the impact of the value management change



theory on project changes, Wang, Q et al. improved the traditional process
model for software development projects from two aspects: scope definition
stage and requirement management of software development projects, after
considering the actual requirements of customers. Key sub-modules such as
requirement identification, pre-design, testing and requirement redefinition are
added in the scope definition stage of projects to accurately define and
understand the real requirements of customers, which helps to improve the
process of software development projects and achieve project objectives
(Wang, Q, 2010).

Based on the above discussion, strengthening the process control is beneficial
for software enterprises to control the progress, cost, quality and risk in the
process of software delivery, and improve the delivery performance of
software projects by improving the progress of software projects, reducing the
cost in the process of projects, and enhancing the quality management level of
projects. Therefore, we propose the following hypothesis:

H3PC: process control is positively correlated with software delivery
performance.

4.3.3.5 Relationship between process integration and software delivery
performance

Process integration refers to a measure to maintain an enterprise's competitive
advantage through the continuous development, improvement, and integration

of business processes, including the process of sorting out, improving, and



integrating existing workflows. It essentially optimizes and redesigns the
business process in order to achieve breakthroughs in software quality, project
cost, development speed, product quality and service.

For process integration, the appropriate process integration method should be
selected according to the characteristics of the specific process. The proper
process integration method can not only facilitate the process integration, but
also bring the role of the process to the best play. In process integration, a
single method can be selected first or multiple methods can be combined. The
literature on process integration from the field of management mainly focuses
on the integration of technology, information and business processes. Through
the analysis, it is found that the process integration methods adopted can be
generally divided into two categories: one is to use specific technologies or
frameworks for process integration, such as SOA (Service-Oriented
Architecture), EAI (Enterprise Application Integration) technology, and Petri
Net; the other is to study the relationship between processes from knowledge,
information and other aspects to achieve the integration of processes, such as
ontology integration, and multi-level knowledge integration.

Process integration methods and tools are the basic method and strategy to
study management process and process integration. Constantly developing,
perfecting and integrating business process methods is of great significance to
maintain the performance of business process implementation and maximize

the results of process integration. At present, process integration methods



include benchmarking method, DMAIC model, ESIA analysis method, ECRS
analysis method, and SDCA cycle. The Capability Maturity Model (CMM) for
software delivery of software enterprises is a standard that describes the
development stages of a software organization in practices of defining,
implementing, measuring, controlling, and improving its software process.
The core of the CMM is to treat software development as a process, and under
this principle, conduct process monitoring and research on software
development and maintenance, so as to make software development more
scientific and standardized and enable enterprises to better achieve business
objectives. When the CMM reaches level 5, software enterprises can focus on
improving processes, adopt new technologies and methods, and have the
means to prevent defects, identify weak links and improve them, and can
obtain and analyze statistical data on process performance to obtain the best
method.

Through process integration, enterprises can improve the operational
efficiency of organizations and reduce the overall operating cost, and can
break the barriers between departments, and enhance horizontal collaboration;
the management can effectively supervise and control the overall operation of
the enterprise; and can ensure the effective implementation of corporate
strategies, so as to support the realization of strategies. In general, the main
risks developers face are failure to meet the delivery time or project

requirements, which may be due to a lack of follow-up with key activities in



the development process and uneven allocation of workload of the project.
Therefore, LP Lopez-Arredondo et al. used the relevant theories of business
process integration to redesign the software development process of a
technical service company in Mexico and reallocate resources in a balanced
way. The results showed significant improvements in both time and cost of the
redesigned process (LP Lopez-Arredondo, 2019). In the research, Shang
Huihua proposed a software quality management model based on process
integration and improvement. The model takes the whole process of software
development as the object, emphasizes the planning, control and improvement
of the software development process, and meeting customer requirements
through process inheritance, and provides specific control methods (Shang
Huihua, 2011). When studying the level of information-based project
management, Wu Gao proposed that designing the organizational structure and
responsibilities of multi-project management, integrating the project
management process and improving the project management system can
reduce the labor cost of the project, shorten the project implementation cycle,
and improve the utilization rate of effective working hours and the profit rate
of the project (Wu Gao, 2018). Senapathi, M explored the implementation of
DevOps in a product development organization in New Zealand and found
that the support of some technological drivers, such as the implementation of
automated pathways and cross-functional organizational structures, of DevOps

(referring to a set of principles and practices for improving collaboration



between development and IT operation) i critical to expected benefits. The
benefits of adopting DevOps include increase in frequency of high-quality
deployments and increase in collaboration between operational teams in
development (Senapathi, M, 2018). Based on the above discussion, process
integration of software enterprises can improve the operational efficiency of
organizations, cross-departmental cooperation, and the supervision and control
ability of managers, and enhance the efficiency of software delivery. Therefore,
we propose the following hypothesis:

H3PI: process control is positively correlated with software delivery
performance.

4.3.3.6 Relationship between modularity and software delivery
performance

The principle and process of modularity is very simple. At its core is the
replacement of formal and strict specifications with interactive and quickly
established modules. Customers can provide real and concrete feedback for
developers through the modularity of hands-on operation and test on
computers.

Modularity: by showing customers the modularity of actual operations,
customers can "see and touch™ the system, and give very clear opinions on the
system, improving the communication between customers and developers.
Using modularity, customers play a leading role in the process of system

development, and can help developers understand the real requirements of



customers, and more effectively identify user requirements, which can not
only shorten the time of requirement analysis, but also reduce developers'
misunderstanding of user requirements, so as to significantly reduce the time
of requirement change, improve the quality of requirement analysis and reduce
the risk of system development. Based on the above, software enterprises can
use modularity to improve the development speed of software projects or
products, and thus enhance the software delivery performance.

Sanchez (1999) pointed out that by adopting modular product architectures
and processes, enterprises can better manage organizational knowledge in the
process. Modular products, processes and knowledge architectures enable
companies to create more product categories, introduce technologically
advanced products faster and bring them to market, reduce the cost of product
creation and production, and create new market dynamics and vitality. Ellram
et al. (2008) studied the offshore outsourcing of the service industry from the
perspective of risk control, and proposed that under the premise of controllable
risks, enterprises can better improve their innovation ability when focusing on
the development of key core modules. The application of the modularity
method can effectively dig out the potential value of internal and external
resources of enterprises, so as to improve service innovation performance (Tao
Yan, 2011).

Based on the above discussion, software enterprises can use technology

modularity to improve the development progress and competitive advantage of



software projects or products, thus enhancing the organizational performance.
So we propose the following hypothesis:

H3M: modularity is positively correlated with software delivery performance.



Chapter 5 Methodology
5.1 Methods
In this dissertation, variables are measured and analyzed by using the methods
such as literature analysis, sampling questionnaire survey, mediating effect test,
Akaike information criterion (AIC), bootstrap test, and multiple linear
regression, and the scale is established on the basis of previous literature to
measure and analyze the relevant data for research.
5.1.1 Sampling questionnaire survey
Based on the relevant hypotheses and conceptual models obtained through the
theoretical research and in combination with the actual situation of the site, the
measurement scale meeting the requirements of variables is designed; the
questionnaire is designed and sampling survey is conducted to obtain data.
The pre-test test questionnaire lays the foundation for large-scale sampling.
5.1.2 Statistical analysis
Descriptive statistical analysis, factor analysis, correlation analysis and
multiple regression analysis are carried out for the effective data obtained to
test the reliability and validity of the empirical data. The structural equation
model integrates different statistical analysis technologies such as factor
analysis and path analysis, and can analyze the structural relationship between
potential variables. Therefore, this study uses the structural equation modeling

method to verify the relationship between the model and variables.



5.1.3 Mediating effect test

In statistics, if a variable M is found when studying the effect of X on Y,
and X can influence Y through M, then this variable M is called a mediating
variable. The existence of a mediating variable indicates the existence of
mediating effect.
5.1.4 AIC (Akaike information criterion)
Akaike information criterion (AIC) is a criterion to measure the goodness of
fit of statistical models. The method is to find the model that can best interpret
data but contains the least free parameters. Increasing the number of free
parameters improves the goodness of fit. AIC encourages the goodness of fit
of data but avoids overfitting as much as possible, so the model with the
lowest AIC value should be given priority. Assuming that the choice is made
among n models, the AIC value of n models can be calculated at one time, and
the model corresponding to the minimum AIC value can be found as the
selected object.
5.1.5 Bootstrap method in the mediating effect test
The Bootstrap method regards samples as the whole. Under the method,
assuming that there is a sample with a sample size of N, the sampling with
replacement (take out a case, put it back, and then take out the next case) is
carried out on the sample until the number of extracted cases is equal to N, and
these N cases are a sample. If the above process is repeated for K times, K

samples are obtained. Each sample can be used to calculate an estimate of the



mediating effect. Thus, the sampling distribution composed of the product of
K coefficients can be obtained, and the confidence interval of the product of
coefficients can be obtained, to test whether the ab effect exists and its
proportion in the total effect, reflecting the extent of the mediating effect.

5.2 Logic and process

The research core of this dissertation is the mechanism and path of data
intelligence influencing software delivery performance.

From an interdisciplinary perspective, and from the perspective of
management (technology management, and strategy management), this
dissertation adopts a variety of research methods, such as the combination of
qualitative and quantitative research, empirical research and theoretical
derivation, literature research and statistics (see the following figure), and uses
deduction and induction to explore the decisive factors in the software
development process of software enterprises under the environment of data
intelligence, the role of data intelligence in the software industry and its

impact on software delivery performance.
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Figure 5 Research method flow chart

5.3 Data collection method

5.3.1 Questionnaire design

Based on the hypothesis and conceptual model described in Chapter 1V, this
chapter uses empirical data to test the correctness of the theoretical hypothesis.
The detailed arrangement is as follows: firstly, the questionnaire design
process is explained. Based on the more mature measurement scale from
predecessors and in combination with the concept of this study, the
measurement scale of the questionnaire is formed to test the performance and
reliability of the initial questionnaire.

Since the data required by this study cannot be obtained from materials
disclosed by enterprises, the data collection method of this study is
questionnaire survey. The questionnaire uses the Chinese scale. Respondents

rate all the measurement questions using a 7-level Likert scale. The numerical



score of the scale from 1 to 7 indicates "strongly disagree" to "strongly agree",
and "4" indicates "general”. The specific questionnaire design process in this
study is as follows:

Firstly, collect a large amount of literature, conduct research on companies'
data intelligence capability and software development status, and carry out the
detailed, scientific and reasonable theoretical conception of variables, to
ensure that the operational definition of each variable is clear and clear.
Secondly, collect the literature on data intelligence, software development,
software delivery and organizational performance, search for measurement
scales related to the measured object, and screen them according to the theme
of this study and the reliability and validity of existing scales, to lay a
foundation for measurement of variables.

Thirdly, categorize and summarize the screened scales, and select the validated
more mature and effective questions. All the scales used in this study are from
papers in internationally recognized core journals. For the original English
scales used in the initial questionnaire, in order to avoid the distortion of the
content meaning of such scales caused by the translation process, based on the
views of Mr. Wang Zuoliang (1989) and Yun Seok Choi et al. (2010), this
study adopts the cultural equivalent translation method to carry out equivalent
translation from three aspects: content equivalence, semantic equivalence and
research implementation equivalence, to ensure the reliability and validity of

such scales in the cross-cultural context through such translation procedures.



Fourthly, without providing theoretical background introduction, send the
questionnaire to software developers and consultants of enterprises, and
recover questionnaire results.

5.3.2 Measurement of variables

The hypothesis of this study involves eight variables, namely, data intelligence,
task level evaluation, coordination, team structure, process control, process
integration, modularity, and software delivery performance.

The independent variable in this study is data intelligence. Data intelligence
refers to extracting, exploring and acquiring revealing and operable
information from data through machine learning, deep learning and other
technologies, to provide effective intelligent support for people to make
decisions or perform tasks based on data. It contains three core elements: data,
technology, and prediction and decision-making capability. The measurement
of data intelligence is complicated and difficult to quantify. At present, there is
no special high-quality scale for measuring data intelligence at home and
abroad. Therefore, the author compiles the scales by drawing on the relevant
scales of business intelligence and big data technologies from Gupta and
George (2016) and Wang et al. (2019), and in combination with the actual
situation of the software industry. These scales are widely used by scholars at
home and abroad and have higher reliability and validity. In this study, the
scales are modified by the expression way of Chinese, and the following

questions (as shown in the table) are used to measure data intelligence. The



scale for data intelligence consists of 11 items in three dimensions: data,

technology and prediction and decision-making capability. The questions in

the scale are all forward questions.

Table 8 Scale for data intelligence

Construct

Ordinal items

Resources

Data
intelligence

Data

We have access to very large, unstructured,
or fast-moving data for analysis.

We integrate data from multiple internal
sources into a data warehouse or mart for
easy access.

We integrate external data with internal to
facilitate high-value analysis of our
business environment.

Technology

We have explored or adopted parallel
computing approaches (e.g., Hadoop) to
data intelligence processing

We have explored or adopted different data
visualization tools.

We have explored or adopted cloud-based
services for processing data and performing
analytics.

Gupta. M.,
& George,
J. F. (2016).

Predictive
and
decision-sup
port
capability

Discover patterns among specific variables
of interest across departments.

Analyse data from different sources and
use the results to predict future trends.

Provide actionable insights from data in a
format readily understood by customer.

Wang, Y.,
Kung, L.,
Gupta, S.,&
Ozdemir,
S.(2019).

Mediating variables in this study include task level evaluation, coordination,

process control, process integration and modularity. Most scholars at home

and abroad measure these concepts in software project management in the

form of questionnaire survey, forming some high-quality scales. By referring

1




to scales from Henry et al. (2007), Akter et al. (2016), Nidumolu (1996), and

Shamim et al. (2019), the author compiles the corresponding scales for task

level evaluation, coordination, process control, process integration and

modularity. These scales are widely used by scholars at home and abroad and

have higher reliability and validity. In this study, the scales are appropriately

modified according to the expression way of Chinese and in combination with

the actual situation of the software industry, and the following question items

(as shown in the table) are adopted for measurement. The questions in the

scale are all forward questions.

Table 9 Scales for task level evaluation, coordination, process control,

process integration and modularity

Task level
estimates

when formulating project plans, I explicitly
formulate cost estimates for individual project
tasks.

when formulating project plans, I explicitly
formulate time estimates for individual project
tasks.

Henry, R. M.,
McCray, G.E., Purvis,
R.L.,& Roberts, T.L.
(2007)

Coordination

In our organization, business analysts and line
people meet frequently to discuss important
issues both formally and informally.

In our organization, business analysts and line
people from various departments frequently
attend cross-functional meetings.

In our organization, business analysts and line
people coordinate their efforts harmoniously.

In our organization, information is widely
shared between business analysts and line
people so that those who make decisions or
perform jobs have access to all available
know-how.

Akter, S., Wamba,
S.F., Gunasekaran,
A., Dubey, R., &

Childe, S.J. (2016)

Process
control

Control over project costs.

Control over project schedule.

Nidumolu (1996)




Adherence to auditability and control
standards.

Overall control exercised over the project
(overall item).

Process
integration

We have the ability to integrate the processes
involved in the big data chain (i.e. data
collection, preparation, analysis and decision
making)

The integration of the processes involved
in the big data chain reduces the cost of big
data use

The integration of the processes involved in
the big data chain reduces the efforts necessary
to analyse big data

Shamim, S., Zeng, J.,
Sharig, S. M., &
Khan, Z. (2019).

Mediating variables in this study also include team structure. The author

believes that the team structure in software project management is different

from that in traditional enterprise management, so the scale related to team

structure in existing enterprise management is not used. However, domestic

and foreign scholars have not made specific research on team structure in

software project management, so, based on his/her own software practice, the

author develops a new scale consisting of 4 items for measurement. The

questions in the scale are all forward questions.




Table 10 Scale for team structure

Our company has a reasonable organizational structure

Our company's project personnel have clear responsibilities and
Team structure |division of labor

Our company's project personnel match with job duties

Our company has a reasonable composition of project personnel

The dependent variable in this study is software delivery performance.
Software delivery performance mainly includes: whether the product can bring
value to customers and the company; whether the team can quickly produce
and release products, quickly respond to changes in market demand and
business goals; whether it is sustainable with the exponential growth of
business scale and team scale. It contains three core points: effect, efficiency
and sustainability. The measurement of software delivery performance is
complex. At present, there is no special high-quality scale for measuring
software delivery performance at home and abroad. Therefore, here the author
mainly draws on the relevant scales of enterprise performance, and prepares
scales in combination with the actual situation of the software industry, and
mainly by reference to Kevin et al. (2000), Singh et al. (2019) , and Tompson
etal. (2013) . These scales are widely used by scholars at home and abroad,
and are highly reliable and valid. This research is modified according to the
Chinese expression, and uses the following questions (as shown in the table)
to measure software delivery performance. The data intelligence scale consists
of 12 items, including two dimensions: short-term performance and long-term

performance. Long-term performance include perceived indirect benefits and

T




strategic performance. Short-term performance and long-term performance
correspond to effect, efficiency and sustainability. The questions in the scale

are all forward questions.

Table 11 Scale for software delivery performance

Improving  firm's  market

situation.
Short-term Increment in firm’s sales Kevin et al.
Performance volume. (2000)
Increment in the firm's profit
rate.

Improve organization image.

Improve competitive

Perceive advantage.

d
indirect .
benefits |Benefit  other  business| ~ Singh et

Software practices. al.(2019)
delivery Improve customer services.
performance Improve relationship  with

Long-term business partners.

Performanc Our IT infrastructure is easily
€ adaptable to changes in

business processes.

Our IT infrastructure is easily
Strategi |adaptable to leverage
c technology changes.
perform [We can conceptualize and
ance |implement applications much
faster than our competitors.
We can design and implement
more complex applications
than our competitors.

Tompson et al.
(2013)




Chapter 6 Data analysis and discussion
6.1 Data collection
In this study, the questionnaire survey method is used to obtain the data
needed for research. The large-scale distribution of questionnaires and data
collection mainly include the following aspects:
1. Define the research matrix
In this study, the research matrix is defined as software enterprises.
2. Define the unit of analysis
This dissertation mainly analyzes the impact of data intelligence on software
delivery performance from the perspective of employee perception. For the
accuracy of the research, this study takes individuals as the unit of analysis.
3. Select samples
In order to ensure the smooth survey and improve the recovery rate of the
questionnaire, the author chooses a software enterprise with social connections
for survey.
4. Decide the sample size
Since the structural equation model (SEM) is adopted in this study as the
analysis method in the confirmatory factor analysis, the sample size of this
study is determined at the sample size required by the structural equation. This
study adopts the view of Gorsuch and Venable (1983) that the ratio of
measurement questions to respondents should be more than 1:5, and

preferably 1:10. There are 38 questions in this study, so it is better to have



more than 380 samples in total.

5. Send and recover questionnaires

A total of 785 questionnaires are sent out by e-mail, and 763 questionnaires
are recovered with a recovery rate of 97.2%. The questionnaire survey lasted
for 5 days from September 5, 2022 to September 10, 2022. The author screens
the recovered questionnaires and eliminated the invalid ones. The principle of
screening is as follows: O Actual answering time was collected and the
normal time needed for answering was estimated. If the former is much
shorter than the latter, the respondent was considered answering casually
instead of carefully reading the questions, and his/her questionnaire was
deemed invalid; @ Respondents with the same IP address were regarded as
one, and only the first questionnaire was deemed valid; 3 Questionnaires
responded to according to obvious patterns or with excessive same options
were deemed invalid; and @ Questionnaires of respondents less than three
years of working experience were deemed invalid. After selection, 400
effective questionnaires are obtained, with the recovery rate of effective
questionnaires reaching 52%.

6. Statistics of respondents



Table 12 Classification and statistics of respondents

Classification Description Proportion Remarks
Project manager 28.5% These f tedories of
Consultant 14% ese four ca egorles_o
personnel have extensive
Post R&D personnel 36.5% . .
Implementation experience in software
P 21% project management.
personnel
Bachelor 77.5% Software developers
Education Master 19.5% generally have a
background bachelor's degree or
PhD 3%
above.
25-29 46.5%
Age 30-34 30% Software developers tend
2 35-39 14.5% to be younger.
40 and above 9%
3-5 57.5% Software companies
Years of work 6-9 26.5% generally maintain stable
10 and above 16% work force.

6.2 Data analysis process

Later, the author analyzes the data from the 400 questionnaires. Firstly, each
item is rated comprehensively. There are eight items: data Intelligence, task
level evaluation, coordination, team structure, process control, process
integration, modularity, and software delivery performance.

DI. data intelligence TLE: task level evaluation C: coordination

TS: team structure PC: process control PI: process integration M:
modularity

SDP: software delivery performance

The number of questions for each project varies, but all the questions are
graded between [1,7]. It is assumed that each question in each item has the

same impact on the item. Therefore, the average score of questions in each



item is adopted as the actual effective score, abbreviated as s.

6.2.1 Impact of data intelligence and intermediate variables on software

delivery performance

Software delivery
performance

Figure 6 Impact of data intelligence and intermediate variables on

software delivery performance

This study tries to add some variables that may affect software delivery
performance into the independent variable. The author sets the model as
follows for SDP and the three factors of SDP:

SDP=B o+ B D+ B ,T+ B ;P+ B ,TLE+ B :C+ B ¢TS+ B ;PC+ B (PT+ B M+ 1

SP=B ¢+ B D+ B .,T+ B ;P+ B ,TLE+ B ;C+ B ¢TS+ B PC+ B PI+ B M+ 1

LP=B ¢+ B D+ B .T+ B ;P+ B ,TLE+ B ;C+ B ¢TS+ B PC+ B PI+ B M+ 1

Bo, ... Bo is the regression coefficient, and p is the random error term. We can

obtain the coefficients of the impact of data intelligence and intermediate



variables on software delivery performance and its three factors and p values.

Table 13 Coefficients of the impact of data intelligence and intermediate
variables on software delivery performance and its three factors and p
values

Coefficient| P value | Coefficient| P value | Coefficient| P value
Intercept 1.08 1'25,?;06 1.07 8'5,&6;06 1.12 2'9,9,?,:06
Data
D
Tec“”?'f’gy 013 | 0.0247
Prediction and
decision-making 0.17 0'8,986 0.11 0'2244 0.23 1'333:05
capability P
Task level
evaluation TLE
Coorporation C
Team _T_tsructure 0.08 0.0:199 0.09 0.0383 0.09 0.0:113
Process control
PC
Process
integretion 022 |134808) oy 1632081 5, 18107
Pl
MOdIL\J/:aI‘Ity 0.39 <%§*—16 0.40 9.43;16 0.39 <ii*46

(1) Here, an attempt was made to aggregate the three factors of software

delivery performance as a dependent variable. The optimal linear model was

determined according to the step function in R language and AIC and by

running the code:

Im(SDP~P+TS+PI+M,data =data)

We find that, according to AIC, there is a linear relationship between SDP

(software delivery performance) and P (prediction and decision-making



capability), TS (team structure), Pl (process integration) and M (modularity).
We further test the significance of the coefficient of these four items. We find
that the p values of P, TS, Pl and M are smaller, being 0.0004, 0.04985,
1.34e-08 and <2e-16 respectively, statistically significant, especially P, Pl and
M. Moreover, the p value of F statistic of the whole model is 2.2e-16, much
lower than 0.001, indicating that the model has a goodness of fit, and the
goodness of fit R2 of the whole model is 0.6368, greater than 0.5, indicating
that there is a significant linear correlation, and the model has a high goodness
of fit to data. Therefore, the four main factors affecting SDP (software delivery
performance) are P (prediction and decision-making capability), TS (team
structure), P1 (process integration), and M (modularity).

Then we get the regression equation: SDP=Bo+ B3P+PeTS+PgPI+pfoM

i.e., SDP=1.08+0.17P+0.08 TS+0.22P1+0.39M

(2) The optimal linear model was determined according to the step function in
R language and AIC and by running the code:

Im(SP~P+TS+P1+M,data =data)

We find that, according to AIC, there is a linear relationship between SP

( Short-term performance) and P (prediction and decision-making capability),
TS (team structure), P1 (process integration) and M (modularity). We further
test the significance of the coefficient of these four items.

We find that p values of P, TS, Pl and M are smaller, being 0.00443, 0.02830,

1.63e-08 and 9.45e-16 respectively, statistically significant, especially Pl and



M. Moreover, the p value of F statistic of the whole model is 2.2e-16, much
lower than 0.001, indicating that the model has a goodness of fit, and the
goodness of fit R2 of the whole model is 0.5738. The decision coefficient of
the goodness of fit R2 can explain the degree of the independent variable
revealing the variation of the dependent variable. Edwards and Bagozzi (2000)
believed that R2 greater than 0.5 indicates that there is a significant linear
correlation, and the model has a high goodness of fit to data. Therefore, the
author believes that the four main factors affecting SP (short-term performance)
are P (prediction and decision-making capability), TS (team structure), Pl
(process integration), and M (modularity).

Then we get the regression equation:  SP=Bo+ BsP+BsTS+psPI+BoM

That is, SP=1.06+0.11P+0.08 TS+0.23P1+0.39M

(3) Let's take a look at LP. With the same approach as SP, the optimal linear
model is determined according to the step function in R language and AIC,
and by running the code:

Im(LP~D+T+P+TS+PI1+M,data =data)

According to AIC, there is a linear relationship between LP (long-term
performance) and D (data), T (technology), P (prediction and decision-making
capability), TS (team structure), Pl (process integration) and M (modularity).
We further test the significance of the coefficient of these 6 items. We find that
p values of T, P, TS, PI, and M are smaller, being 0.0247, 1.35e-05, 0.0413,

1.81e-07, and <2e-16 respectively, statistically significant, especially P, PlI,



and M. Moreover, the p value of F statistic of the whole model is 2.2e-16,
much lower than 0.001, indicating that the model has a goodness of fit, and the
goodness of fit R2 of the whole model is 0.6009, greater than 0.5, indicating
that there is a significant linear correlation, and the model has a high goodness
of fit to data. Therefore, the five main factors affecting LP (long-term
performance) are T (technology), P (prediction and decision-making
capability), TS (team structure), PI (process integration), and M (modularity).
Then we get the regression equation: LP=Lo+p2T+B3P+BsTS+PsPI+BoM

That is, LP=1.12-0.13T+0.23P+0.09TS+0.22P1+0.39M

According to the three regression equations, P, Pl and M are always significant
and closely related to SDP and its three factors.

6.2.2 Impact of data intelligence on intermediate variables

The above analysis can help us preliminarily understand the impact of data
intelligence and intermediate variables on software delivery performance. In
order to fully understand the relationship between variables and the
influencing mechanism, the author analyzes the impact of data intelligence on
intermediate variables. By understanding the impact of three factors of data
intelligence on intermediate variables, we can understand the mechanisms by
which data intelligence and intermediate variables affect software delivery
performance. The specific method is to use the step function in R language
and the AIC to determine the optimal linear model. We get the results of the

impact of data intelligence factors on six intermediate variables.



Software delivery
performance

Figure 7 Impact of data intelligence on intermediate variables

In order to fully understand the relationship between variables and the
influencing mechanism, we analyzed the impact of data intelligence on
intermediate variables. By understanding the impact of three factors of data
intelligence on intermediate variables, we were able to understand the
mechanisms by which data intelligence and intermediate variables affect
software delivery performance. Based on the step function in R language and
the AIC, we got the coefficients of the impact of data intelligence on TLE
(task level evaluation), C (coordination), team structure (TS), process control
(PC), process integration (PI), and modularity (M) and the corresponding

p-values, which were summarized as follows:



Table 14 Coefficients of the impact of data intelligence on intermediate
variables and P values

Task_level Coordination C Team structure TS Process control PC - Proce_ss Modularity M
evaluation TLE integration Pl

Coeff Coeffi Coeff Coeffi Coeff Coeffic
0 P value - P value - P value - P value o P value - P value
icient cient icient cient icient ient

hicean | 964 | 9EEE | g | MR | gop [ BEEHE | g | BFER | gam | AR | o | BEEEHE

DataD 0.12 0.1488 -0.05 0.9505 0.05 0.6137 -0.01 0.8788 0.003 0.9679 0.07 0.3695
TecCIjrolog 0.21 0.0?76 0.35 9.14:9-05 0.22 0.0382 0.32 0.0*9*05 0.424 1.61&-05 0.33 8.55&3-05

Prediction
and
decision- 0.34
making
capability P

7.89e-05 0.0438 0.0221 0.0252

0.15 0.0567 0.17 0.0668 0.16 0.2 0.17

The optimal linear model is determined according to the step function in R
language and AIC, and the optimal linear regression model for TLE is
obtained by running the code:

Im (TLE~T+P,data =data)

That is, according to AIC, there is a linear relationship between TLE (task
level evaluation) and T (technology) and P (prediction and decision-making
capability). We further test the significance of the coefficient and find that p
values of T and P are smaller, 0.0276 and 7.89e-05 respectively, statistically
significant. Moreover, the p value of F statistic of the whole model is 2.2e-16,
much lower than 0.001, indicating that the model has a goodness of fit. T
(technology) and P (prediction and decision-making capability) have a
significant influence on TLE (task level evaluation).

Then we get the regression equation: TLE=1.64+0.21T+0.34P.

The optimal linear model is determined according to the step function in R



language and AIC, and the optimal linear regression model for C is obtained
by running the code:

Im(C~T,data =data)

That is, according to AIC, there is a linear relationship between C
(coordination) and T (technology). We further test the significance of the
coefficient and find that the p value of T is smaller, 9.14e-05, statistically
significant. Moreover, the p value of F statistic of the whole model is 2.2e-16,
much lower than 0.001, indicating that the model has a goodness of fit. T
(technology) has a significant influence on C (coordination).

Then we get the regression equation: C=2.65+0.35T.

The optimal linear model is determined according to the step function in R
language and AIC, and the optimal linear regression model for TS is obtained
by running the code:

Im(TS~T,data =data)

That is, according to AIC, there is a linear relationship between TS (team
structure) and T (technology). We further test the significance of the
coefficient and find that the p value of T is smaller, 0.0282, statistically
significant. Moreover, the p value of F statistic of the whole model is 2.2e-16,
much lower than 0.001, indicating that the model has a goodness of fit. T
(technology) has a significant influence on TS (team structure).

Then we get the regression equation: TS=2.77+0.22T.

The optimal linear model is determined according to the step function in R



language and AIC, and the optimal linear regression model for PC is obtained
by running the code:

Im(PC~T+P,data =data)

That is, according to AIC, there is a linear relationship between PC (process
control) and T (technology) and P (prediction and decision-making capability).
We further test the significance of the coefficient and find that p values of T
and P are smaller, respectively 0.000513 and 0.04377, statistically significant.
Moreover, the p value of F statistic of the whole model is 2.2e-16, much lower
than 0.001, indicating that the model has a goodness of fit. T (technology) and
P (prediction and decision-making capability) have a significant influence on
PC (process control).

Then we get the regression equation: PC=2.7+0.32T+0.16P.

The optimal linear model is determined according to the step function in R
language and AIC, and the optimal linear regression model for Pl is obtained
by running the code:

Im(P1~T+P,data =data)

That is, according to AIC, there is a linear relationship between Pl (process
integration) and T (technology) and P (prediction and decision-making
capability). We further test the significance of the coefficient and find that p
values of T and P are smaller, respectively 1.61e-05 and 0.0221, statistically
significant. Moreover, the p value of F statistic of the whole model is 2.2e-16,

much lower than 0.001, indicating that the model has a goodness of fit. T



(technology) and P (prediction and decision-making capability) have a
significant influence on PI (process integration).

Then we get the regression equation:  P1=1.72+0.42T+0.2P.

The optimal linear model is determined according to the step function in R
language and AIC, and the optimal linear regression model for M is obtained
by running the code:

Im(M~T+P,data =data)

That is, according to AIC, there is a linear relationship between M (modularity)
and T (technology) and P (prediction and decision-making capability). We
further test the significance of the coefficient and find that p values of T and P
are smaller, respectively 8.52e-05 and 0.0252, statistically significant.
Moreover, the p value of F statistic of the whole model is 2.2e-16, much lower
than 0.001, indicating that the model has a goodness of fit. T (technology) and
P (prediction and decision-making capability) have a significant influence on
M (modularity), showing a linear relationship.

Then we get the regression equation: M=2.22+0.33T+0.17P.

In summary, T and P affect TLE, with the coefficient of 0.2099 and 0.3401
respectively, and P is more significant; T affects C, with the coefficient of
0.3480; T affects TS, with the coefficient of 0.2241; T and P affect PC, with
the coefficient of 0.3162 and 0.1639 respectively, and T is more significant; T
and P affect PI, with the coefficient of 0.4239 and 0.2002 respectively, and T is

more significant; T and P affect M, with the coefficient of 0.3314 and 0.1683



respectively, and T is more significant.
To sum up, T and P have greater influence on intermediate variables.
6.2.3 Analysis on mediating effect

Above we analyzed the impact of data intelligence and intermediate
variables on software delivery performance, and the relationship between data
intelligence and intermediate variables. It can be seen that P in data
intelligence has an impact on both software delivery performance and
intermediate variables. In order to further verify the impact of mediating effect,
we take the three factors of data intelligence as independent variables, the two
factors of software delivery performance as dependent variables, and the six

intermediate variables as mediating variables for mediating effect analysis.

mediator

Software delivery
performance

data intelligence

- ~

________________

Figure 8 Impact of mediating effect

After analysis, we got the following table:



Table 15 Summary chart of mediating effect
Total | TLE C TS PC Pl M _Independent
effect | effect | effect | effect | effect | effect | effect varlable/fjependent
variable
0.4004 | 0.1752 | 0.1342|0.1441 | 0.1711 | 0.2366 | 0.2728 D/SP
0.4264 | 0.1491 | 0.1313|0.1314 | 0.1465 | 0.2144 | 0.2585 D/LP
0.4152 | 0.1603 | 0.1325|0.1368 | 0.1570 | 0.2239 | 0.2666 D/SDP
0.4641 | 0.1745 | 0.1526 | 0.1604 | 0.2062 | 0.2874 | 0.3187 T/SP
0.4487 | 0.1549 | 0.1563 | 0.1492 | 0.1792 | 0.2667 | 0.3049 T/ILP
0.4553 | 0.1633 | 0.1547 | 0.1540 | 0.1908 | 0.2756 | 0.3108 T/SDP
0.4560 | 0.1847 | 0.1432|0.1563 | 0.1931 | 0.2630 | 0.2924 P/SP
0.4999 | 0.1467 {0.1362 | 0.1394 | 0.1598 | 0.2316 | 0.2662 P/LP
0.4811 | 0.1630 |0.1392| 0.1467 | 0.1741 | 0.2450 | 0.2774 P/SDP

As can be seen from the figure, when D is the independent variable and SP is
the dependent variable, the mediating effect of M and Pl is the most
significant, accounting for more than 50% of the total effect; when D is the
independent variable and LP is the dependent variable, the mediating effect of
M is the most significant, accounting for more than 50% of the total effect;
when D is the independent variable and SDP is the dependent variable, the
mediating effect of M and PI is the most significant, accounting for more than
50% of the total effect.

When T is the independent variable and SP is the dependent variable, the
mediating effect of M and PI is the most significant, accounting for more than
50% of the total effect; when T is the independent variable and LP is the
dependent variable, the mediating effect of M and PI is the most significant,
accounting for more than 50% of the total effect; when T is the independent

variable and SDP is the dependent variable, the mediating effect of M and PI



is the most significant, accounting for more than 50% of the total effect.

When P is the independent variable and SP is the dependent variable, the
mediating effect of M and PI is the most significant, accounting for more than
50% of the total effect; when P is the independent variable and LP is the
dependent variable, the mediating effect of M is the most significant,
accounting for more than 50% of the total effect; when P is the independent
variable and SDP is the dependent variable, the mediating effect of M and PI
is the most significant.

In conclusion, the mediating effect of Pl and M is significant in all

combinations, and the mediating effect of M is the most significant.



Chapter 7 Result and evaluation

7.1 Result

In this study, a large amount of literature is read, and studies on data
intelligence and organizational performance are analyzed and summarized.
Although the studies on data intelligence and organizational performance have
attracted the attention of many scholars, it is difficult to measure and evaluate
the relationship between the two. Therefore, based on previous studies and in
combination with the actual situation of the enterprise where the author works,
the author innovates the research idea and makes an integrated research on the
relationship between software delivery performance, the core of performance
of software organizations, and data intelligence. According to the existing
knowledge theory, and in combination with the advanced research results at
home and abroad, the author defines performance of software organizations
and software delivery performance, proposes that factors of software delivery
performance include three aspects, namely, organizational performance,
perceived indirect benefits, and strategic performance, and proposes three
factors of data intelligence, namely, data (massive, multi-type), technology
(algorithm), and prediction and decision-making capability (value). Then, the
author researches software project management, puts forward six intermediate
variables affecting software delivery performance, and designs the
measurement list of variables in this study. At the same time, on the basis of

qualitative research of the relationship among the three, and in combination



with the definition of connotation, the author builds the relationship model
between variables, and proposes hypotheses to be verified for branch models.
An electronic questionnaire is designed according to the model and the
measurement list, and sent to individuals, obtaining the sample data on the
relevant variables, and effective questionnaires are obtained through screening.
According to the specific requirements and characteristics of problems, the
multiple linear regression method and structural equation model are used to
analyze the sample data, and the model is verified by examples. The results of
the empirical test mainly include two aspects: on the one hand, it verifies the
model for the impact of data intelligence on software delivery performance; on
the other hand, it illustrates the positive effect of data intelligence on software
delivery performance through six mediating variables: task level evaluation,
coordination, team structure, process control, process integration and
modularity. Based on the above analysis, this study mainly draws the
following conclusions:

(1) Data intelligence has a significant impact on software delivery
performance; in particular, the independent variable prediction and
decision-making capability (P) has the most significant impact.

Through the empirical study based on samples, this study analyzes the degree
of impact of data intelligence and mediating variables on software delivery
performance in detail. Firstly, the structural equation model is constructed for

the impact of three aspects of data intelligence on three factors of software



delivery performance; the optimal linear model is obtained according to the
step function in R language and AIC, and the optimal result is obtained by
running the code:

1) Prediction and decision-making capability (P) in data intelligence is
significantly correlated with short-term performance (SP) and long-term
performance (LP); technology (T) in data intelligence is only significantly
correlated with long-term performance (LP). It fully indicates that data
intelligence (DI) has a positive impact on software delivery performance
(SDP).

2) Data (D) in data intelligence can affect software delivery performance only
through the prediction and decision-making capability shown by the
algorithm.

The specific impact relationship and coefficient are shown in the figure:

| }

Data intelligence
(D

Software delivery
performance (SDP)

Data (D)

Short-term Performance
(SP)

Technology (T) f--i-

Long-term performance
(LP)

_Predictionand
deuswn-ma’leg capability
D

Figure 9 Chart of the impact relationship between factors of data



intelligence and factors of software delivery performance

(2) Data intelligence has a significant impact on mediating variables; in
particular, technology (T) has the most significant impact on mediating
variables
By analyzing the impact of three factors in data intelligence on six factors of
mediating variables, it can be seen that:

1) Technology (T) in data intelligence has a significant impact on six
mediating variables; prediction and decision-making capability (P) in data
intelligence has a significant impact on task level evaluation (TLE), process
control (PC), process integration (P1) and modularity (M).

2) Data (D) in data intelligence can affect mediating variables only through
the prediction and decision-making capability shown by the algorithm.

The specific impact relationship and coefficient are shown in the figure:

Data intelligence
(D

‘ Data (D) |

‘ Technology (T)

decision-makina

Prediction and|_,é__’j

Figure 10 Chart of the impact relationship between factors of data



intelligence on mediating variables

(3) Mediating variables have a significant impact on software delivery
performance; in particular, process integration (PI) and modularity (M) have
the most significant impact.

Through the detailed analysis on samples, it can be seen that:

1) Process integration (P1), modularity (M) and team structure (TS) have a
significant impact on short-term performance (SP) and long-term performance;
process integration (P1) and modularity (M) have the most significant impact.
2) Task level evaluation (TLE), coordination (C) and process control (PC)
have an insignificant linear relationship with three factors of software delivery
performance.

The specific impact relationship and coefficient are shown in the figure:
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Figure 11 Chart of the impact relationship between mediating variables

and factors of software delivery performance

(4) Process integration (PI1) and modularity (M) have significant mediating
effects, especially modularity (M).

In the analysis on the mediating effect of data intelligence on software
delivery performance, we obtain 54 groups of data on influence coefficients
(see Figure 12 for detailed values). It can be seen from data that in the impact
process of the mediating effect, mediating variables are sequenced by the
impact degree from high to low as follows: modularity (M), process
integration (PI), process control (PC), task level evaluation (TLE), team
structure (TS), and coordination (C), in which the mediation effect of
modularity (M) and process integration (P1) accounts for more than 50% of the
total effect. It can be seen that data intelligence improves software delivery
performance primarily by influencing modularity (M) and process integration
(P1). The specific mediating effect of data intelligence on software delivery

performance is shown in the figure:
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Figure 12 Chart of the relationship of the mediating effect

Conclusion summary:

(1) Analyze and study the connotation and characteristics of data intelligence
and software delivery performance.

According to the research in this dissertation, the characteristics of data
intelligence are as follows: taking big data as the engine, data analysis and
mining through machine learning and deep learning; the connotation of data
intelligence is big data, algorithm, and prediction and decision-making
capability; software delivery performance is characterized by the delivery
ability to meet customer requirements and bringing value to customers; the
connotation of software delivery performance is organizational and strategic
performance of enterprises and perceived indirect benefits. The main factors of
data intelligence affecting software delivery performance are modularity,
process integration and team structure.

(2) What are the mechanism and path for data intelligence to improve software



delivery performance?

Through the research in this dissertation, the main mechanism through which
data intelligence improves software delivery performance is embodied in three
aspects: value chain, management and control mode, and capability. Value
chain means that data intelligence directly improves software delivery
performance, and has a positive impact on software delivery performance
through modularity (M), process integration (PI), and team structure (TS);
management and control mode means that data intelligence technologies and
methods are used to affect modularity (M), process integration (PI) and team
structure (TS), so as to improve the management and control of software
delivery performance; capability is mainly reflected in the decision-making
capability of improving software delivery by using big data and through
machine learning and other algorithms.

Through the research in this dissertation, the path through which data
intelligence improves software delivery performance is that the prediction and
decision-making capability in data intelligence directly improves software
delivery performance; data intelligence positively impacts software delivery
performance through modularity, process integration, and team structure. The
specific path is shown in the following figure.

Software delivery is mainly divided into software product delivery and
software customized system delivery. The biggest difference between the two

is that the requirements of software customization system are often unclear,



especially for application software, which requires the delivery team to spend
a lot of time and energy to communicate, understand the requirements, and
constantly optimize and iterate. From the perspective of software development
methods, they basically follow the same software engineering methods for
development, there is little difference. From a technical point of view, data
intelligence has a direct supporting effect on software products with clear
needs because it integrates big data, machine learning, deep learning and other
technologies. From the perspective of management, the delivery management
of customized software system is more difficult. Due to the uncertainty of
requirements, the boundary of software is difficult to define, which brings
difficulties in software delivery and consumes a lot of manpower and material
resources. Through data intelligence, we can improve the evaluation level of
the early stage of the project, optimize the project management process and
the business process in the software system, and accumulate more software
modules. The mediation variables will exert more influence on the delivery
process of software system and have a positive impact. The mediation
variables will have a better supporting effect on the delivery of software

customized system projects.
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(Black only indicates influence, while red indicates influence path)

7.2 Limitations and prospects

7.2.1 Limitations

Although the empirical research of this dissertation has obtained some

important conclusions with theoretical and practical significance, due to the

limitations of personal theoretical level and other material resources and time,

there are still many deficiencies that need to be further explored in the future,

specifically in the following aspects:

(1) The theory needs to be further studied. Since data intelligence and software

project delivery are complex systems, involving technology, organization,

management, resource allocation, third party and many other aspects, there are

still many problems to be further improved. Based on the respective




perspectives of data intelligence and software delivery performance, this
dissertation puts forward three aspects to measure the two, and the mediating
variable of the impact, and conducts an empirical analysis according to the
questionnaire. Although some valuable theories have been obtained, there are
still some problems to be further studied, such as whether the selection of
variables is perfect.

(2) The questionnaire survey is mainly based on subjective data, with
insufficient attention to objective data, so it has certain limitations. The scope
of the questionnaire needs to be further expanded. Due to factors such as time,
manpower, and cost, the questionnaire only selected some employees of the
enterprise where the author works, so the regional and industry distribution of
the sample has certain limitations, which may reduce the external validity of
this study to a certain extent, result in insufficient reasoning ability and may
limit the generalizability of the findings. Therefore, in future explorations, we
need to further expand the scope of sample selection and improve sampling
techniques to enhance the representativeness, persuasiveness, and general

applicability of research theories.

(3) This study focuses on the research on data intelligence technologies related
to the organizational structure of the enterprise and mastered by the enterprise,
software delivery performance and factors affecting delivery performance,

without taking into account the development history of the enterprise, analysis



on core customer base, personal style of senior leaders, background of
service-related industries and local external environment such as tax policy
factors. Although this study proposes some new ideas on the basis of existing
theories, its scope and depth are insufficient due to limited experience and
energy.

7.2.2 Prospects

The author believes that the methods and ideas for research on the impact of
data intelligence on software delivery performance can be applied and
promoted in other industries or organizations, so as to use data intelligence to
promote the digital transformation of Chinese economy. This study is aimed at
improving software delivery performance of organizations in the software
industry. This study finds the mechanism and way for software organizations
to improve software delivery performance, so as to enhance the operational
performance of software organizations. Under the current social background
of the upsurge in the application of big data and artificial intelligence
technologies, other industries or companies can use the ideas and methods
formed in this dissertation to explore the factors influencing the operational
performance, find mediating variables, build the mechanism through which
data intelligence improves the operational capability, enhance the digital
transformation capability of the industry, and promote the operational
efficiency of organizations through digital transformation, so as to promote the

economic efficiency of the whole society, and contribute to the digital



transformation and the high-quality economic development of China.
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Appendix:Questionnaire

Evaluation Questionnaire for the Application of Data Intelligence

Technologies and the performance of Software Development and Delivery

Dear Madam/Sir,

Thank you for taking time out of your busy schedule to answer this
questionnaire. This questionnaire aims to understand the application of data
intelligence technologies and the software delivery performance. This
questionnaire is for academic purposes only and your data will be kept
confidential.

Thank you for your support and cooperation!

Part I: Basic information

1. Gender

A. Male

B. Female

2. Age

A. Less than 20 years old

B. 21 to 24 years old

C. 250 29 years old

D. 30 to 34 years old

E. 35to 39 years old

F. 40 years old or above



3.Years of working
A. Less than 3 years
B. 3-5 years

C. 5-10 years

D. More than 10 years



Please express your agreement with the following statements based on

your working experience (7 points: strongly agree -> 1 point: strongly

disagree).
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analyze a large amount of data.

D2 Data intelligence technologies
analyze unstructured data.

D3 Data intelligence technologies
analyze fast moving data.

D4 Data intelligence technologies
integrates data from multiple sources into
data warehouses or marts for easy access.
D5 Data intelligence technologies
combine external data with internal data
to enhance high-value analysis on the
business environment.

(Data)

T1 Data intelligence technologies
explore and adopt parallel computing
methods (such as Hadoop) for intelligent
data processing.

T2 Data intelligence technologies
explore machine learning, and deep
learning, and use different data
visualization tools.

T3 Data intelligence technologies
explore and adopt cloud services to
process data and perform analysis.
(Technology)

P1 Data intelligence technologies can
explore the correlation between core
business indicators of each department.

P2 Data intelligence technologies can
analyze data from multiple sources and
the results can be used to predict future




1. The following are some statements
about your personal situation. Please
score according to your actual situation:

Strongly disagree

[Disagree

\ery disagree

General

|Less agree

Agree

Strongly agree

trends.
P3 Data intelligence technologies can
provide customers with

easy-to-understand data forms, and thus
provide customers with  operable
(business operation) consulting.
(Predictive and dicision-support
capability)

TLE1 When developing project plans,
our company explicitly sets a cost
estimate for each project task.

TLE2 When developing project plans,
our company explicitly sets a time
estimate for each project task.

(Task level estimates)

Cl In our company, members of
organizations discuss important issues
both formally and informally.

C2 In our company, members of
organizations attend cross-functional
meetings together.

C3 In our company, members of
organizations coordinate the work
cooperation among them.

C4 In our company, information can be
shared among members of organizations,
so that decision makers and executors
can access visual data resources
(including data analysis, debugging, and
application).

(Coordination)

TS1 Our company has a reasonable
organizational structure.

TS2 Our company's project personnel
have clear responsibilities and division of
labor.

TS3 Our company's project personnel
can match with their posts.

TS4 Our company has a reasonable
composition of project personnel.

(Team structure)

PC1 Our company can effectively




1. The following are some statements
about your personal situation. Please
score according to your actual situation:

Strongly disagree

[Disagree

\ery disagree

General

|Less agree

Agree

Strongly agree

control the project cost.

PC2 Our company can effectively
control the project progress.

PC3 Our company can effectively
enforce auditability and control standards
for projects.

PC4 Our company can effectively
control the project implementation.
(Process control)

PI1  Our company integrates the
processes involved in the big data chain
(i.e. data collection, preparation, analysis
and decision-making).

P12 In our company, the integration of
processes involved in the big data chain
reduces the use cost of big data.

PI3 In our company, the integration of
processes involved in the big data chain
reduces the workload needed to analyze
big data.

(Process integration)

M1 In our company, reusable software
modules are widely used to develop new
analysis models.

M2 In our company, object-oriented
technologies can help customers create
their own analysis applications.

M3 In our company, object-oriented
technologies  can minimize  the
development time for new analysis
applications.

M4 In our company, applications can be
adapted to meet requirements during task
analysis.

(Modularity)

SP1 The company's market situation is
improved.
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SP2 The company's sales is increased.

SP3 The company's profit rate is
improved.
(Short-term Performance)

PIB1 The company's image is improved.

PIB2 The company's competitive
advantage is strengthened due to
improved software delivery .

PIB3 The company's other business
activities are running more smoothly.

PIB4 The company improves its service
to its customers.

PIB5 The company establishes a good
relationship with its business partners.
(Perceived indirect benefits)

SP1 The company's technical
architecture can adapt to changes in
business processes.

SP2 The company's technical
architecture can adapt to technological
changes.

SP3 The company can conceive and
create applications faster than its
competitors.

SP4 The company can design and create
more complex applications than its
competitors.

(Strategic performance)
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