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Abstract: With the continuous improvement in user demand and the increasingly obvious complexity
characteristics, such as strong coupling and nonlinearity of the system, it has become a new problem
faced by the decision making of conceptual design. Decision-making methods in conceptual design
such as traditional information axioms and the multi-criteria decision-making (MCDM) framework
cannot provide a good solution for systems with strong coupling and nonlinearity. To fill these gaps,
this paper proposes a decision-making method of design for a coupling system based on a complexity
composite method (DMDCC). DMDCC is composed of a prediction model and a synthetic paradigm.
In the early stages of decision making of design, design-centric complexity (DCC) theory is used to
preliminarily sort the schemes. Then, driven by the twin data of existing products, the complexity
of function units is obtained by using the prediction model. The complexity of different function
units is composited by the composite paradigm to obtain the total function realization probability of
the design scheme. A more accurate calculation of the total function realization probability of new
products can assist designers to judge the scheme from the perspective of function and help to guide
the decision making of the design of new systems’ development scientifically and reasonably. The
engineering example of the bulk traditional Chinese medicine dispensing device is used to verify the
scientific effectiveness of the research.

Keywords: decision making of design; complexity composite; complexity prediction; data driven;
digital design

1. Introduction

With the rapid development of modern engineering technology, the conceptual design
of a system is increasingly recognized as a decision-making process [1,2]. Conceptual
design is the most important stage in system design, which determines the cost, quality,
and function of the subsequent life cycle. The main purpose of the decision making of a
conceptual design is to obtain the best design scheme with the highest realization proba-
bility of system function, mainly focusing on the functional domain [3,4]. However, with
the decision makers’ subjective tendency towards the design scheme, erroneous or unsta-
ble decision-making methods will affect the subsequent development [5,6]. The existing
decision-making methods often use a variety of evaluation indexes to make decisions on
the design scheme. However, some evaluation indexes may cause coupling or conflict,
which affects the accuracy of decision making. Therefore, it is of great significance for
decision making to propose a scientific and reasonable method to avoid the coupling and
conflict between evaluation indexes.

In order to replace the subjective judgment of decision makers, many researchers
have proposed various numerical evaluation methods based on the multi-criteria decision-
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making (MCDM) framework [7]. Moreover, a variety of fuzzy algorithms [4,7-9] and grey
decision-making methods [10,11] are introduced to deepen the research of the MCDM
framework. However, almost all need to set weights to measure the relative importance of
each criterion in these methods [12], and different weights will produce different results [13].
Thus, the judgment of decision makers is tested. These methods fail to deal with conflicting
relationships between evaluation criterions, nor can they reflect the extent to which each
objective affects the overall design desirability. In addition, the literature reviewed above
seldom considered, or deeply discussed, how to obtain the accurate effect value [4,11].
Therefore, when there are conflicts in the design expectations of different objectives, the
effectiveness of the decision-making results may be ignored, which may lead to deviation
from the decision-making results.

Information axioms [14] can well avoid the conflicting relationship between evaluation
criteria. This method does not need the decision maker to give the weight of the evaluation
index, it only needs to determine the design ranges and system ranges of each index, and
then the total information of each scheme can be obtained, so as to determine the best
design scheme. The specific effect value is used to assist designers to reduce the influence
of subjective understanding on the evaluation results. However, the traditional information
axiom still has the problems of randomness and fuzziness of evaluation indexes. Some
scholars have extended the information axiom in the way of fuzzy mathematics [15-20].
In the information axiom, each evaluation index is independent of each other. The total
information content can be obtained by adding the information content of each index
linearly. However, there is correlation and coupling between the function units of the
coupling system, which does not necessarily fully meet the independence axiom. For
the function units with coupling, the real information content of the system cannot be
obtained only by linear addition, which affects the accuracy of the decision making about
the coupling system.

Therefore, in order to solve the above problems, this paper introduces design-centric
complexity (DCC) theory to explore a decision-making method based on complexity, which
provides a possible solution for the influence of the coupling among function units in a
coupling system on the total information content.

In order to reduce the influence of the coupling between function units on the total
function realization probability of the system, a complexity composite method based on the
principle of error composite is proposed to calculate the total function realization probability
of the system. Eventually a decision-making method of design for a coupling system
based on a complexity composite method (DMDCC) was established. The complexity
of system function units is composited by an error composite to solve the influence of
coupling between function units on the function realization probability. Taking the function
realization probability as the standard, the total function realization probability of the
scheme is used to assist designers to make more scientific and reasonable decision making.
It is helpful for companies to concentrate their limited resources on the most scientific and
reasonable ideas, so as to obtain the maximum profit in the market competition.

In the framework proposed in this paper, firstly, the three-criteria method of DCC
theory is used to sort the design schemes. Then, the complexity prediction model of
the function unit is established by using the data of existing system digital twins. The
complexity prediction model is used to calculate the function realization probability of
the corresponding function units. Finally, using the established complexity composite
paradigm, the realization probability of each function unit is composited to obtain the total
function realization probability of the design scheme with coupled function units.

The main contributions of this research are as follows:

This study proposes a method for calculating the information content between coupled
function units in a coupling system, which extends the traditional information axiom. This
method solves the problem that the coupling indexes in traditional axiomatic design
cannot be added linearly and improves the scientific rationality of screening schemes in the
decision making of design.
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Digital twin technology is introduced into the decision making to predict the real-
ization probability of the function units combined with a neural network and to provide
relevant twin data. This work combines digital twins with the decision making of design,
and expands the digital twin’s application in the field of decision making of design.

The following sections of this paper are arranged as follows:

Section 2 introduces the relevant tools and theoretical basis for DMDCC. Section 3
describes the construction process of DMDCC. Section 4 introduces the design-centric
complexity composite model. In Section 5, the decision making of the bulk traditional
Chinese medicine (TCM) dispensing device is introduced to verify the effectiveness of the
DMDCC. Section 6 discusses and evaluates the scientificity and superiority of this method.
Section 7 summarizes the contributions and shortcomings of this method and puts forward
the future research direction.

2. Theoretical Foundations

This section reviews the research methods of DCC and the application of digital twin
technology. In Section 2.1, Suh’s DCC theory is introduced to determine the method of
complexity research in this paper. Section 2.2 introduces the concept and application fields
of digital twins as well as the purpose and significance of introducing digital twins into the
design stage. Section 2.3 introduces data-driven modeling based on the BP neural network.
This section is intended to provide a theoretical background to this study.

2.1. DCC Theory

Suh [21] put forward DCC theory in 1999. Design-centric complexity is based on
the function realization probability in system design, and the complexity of a system is
evaluated by the probability [22]. The higher the realization probability of system function,
the lower the complexity [23], and, conversely, the lower the realization probability of
system function, the higher the complexity will be [23]. DCC theory focuses the complexity
of the system on the function domain, which can greatly reduce the possibility of complexity
of the physical domain [21]. Through the application of DCC theory, the relationship
among user needs, system functions, and design parameters of function mapping can be
established. The realization probability of system function can reflect the complexity of
system function, which can be expressed by system information content. The composite
of the complexity can effectively help to calculate the function realization probability of
the system. The complexity of a system is a function determined by both the system range
and the design range [24]. Their common range is the information content contained in
both the system range and the design range. The probability density function of functional
requirements is shown in Figure 1 [21]. The classification of complexity in DCC theory is
explained in Appendix A.
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Figure 1. The probability density function of functional requirements.

DCC theory provides a method to analyze complexity from the functional level. The
problem and the type of complexity can be determined by using the method of three-
criteria complexity [25]. Thus, the design schemes can be preliminarily and optimally
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sorted and evaluated in order to shorten the design cycle. At the same time, the complexity
is represented by the function realization probability in DCC theory. From the perspective
of function, each system has its total function, and the total function can obtain multiple
sub functions and function units through function decomposition [26]. Similarly, the total
function realization probability can be obtained by calculating the function realization
probability of each function unit and then compositing them by the method of complexity
composite. This paper proposes a method of complexity composite and evolution to help
calculate the function realization probability of the new system in the decision-making
stage. In Section 3, the rules of composites of system complexity are described in detail,
thus providing comprehensive guidance for the quantification of new system complexity.

2.2. Digital Twins

DCC theory describes the expression method of system function realization probability
in detail. However, the accurate prediction of the function realization probability also
requires the drive of a large number of historical data and the participation of digital design.
The design process is becoming more digitalized than ever before, as indicated by the
universal application of digital design packages (e.g., CAD, FEA, CAE, and CAM) [27].
Digital twin technology is the latest research achievement in the field of digital design. Its
appearance provides an effective method for connecting physical space and virtual space
to solve the problem of inaccurate complexity prediction [28-30].

The digital twin model was originally defined as a system-oriented, multi-physics,
multi-scale, multi-probability, highly integrated simulation model, which can reflect the
physical function, real-time status, and evolution trend of the model by twin data [31].
Recently, many scholars have made supplements and improvements on the basis of this
concept, so that the digital twin can be used not only for system operation and mainte-
nance [32-35] but also for the system design stage. For example, Tao proposed a five-
dimension digital twin model [36], as shown in Figure 2. Reference [27] proposed a digital
twin-driven product design framework and bicycle redesign, which opened up a new
direction for digital twin-driven product design. On this basis, reference [37] integrated
the digital twin technology with engineering innovation theory and knowledge reuse con-
cepts to establish a systematic sustainable innovation pathway by inducing characteristic
parameters. Therefore, it can be considered that the introduction of digital twin technology
into the current proposed decision-making framework is feasible. DT technology has
gained prominence, partially due to the uptake of Internet of Things technologies, which
allow for the monitoring of physical twins at high spatial resolutions, almost in real time,
through both miniature devices and remote sensing, thereby producing ever-increasing

data streams [38].
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Figure 2. A five-dimension digital twin model.
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The currently proposed DMDCC monitors the running process of existing systems
based on digital twin technology. In decision making, digital twin technology is used to
collect the twin data of existing systems to predict the change in the realization probability
of new system function units. The introduction of digital twin technology to monitor
the changes in system parameters during the operation of existing systems will achieve
this purpose.

2.3. Data-Driven Modeling Based on BP Neural Network

Data-driven modeling has attracted much attention in recent years because of its
incomparability in adaptability, accuracy, predictability, and simplicity [39]. The rise of
artificial intelligence and cyber—physical systems has been pushing the boundaries of their
possibilities [40,41]. The prediction results of a BP neural network have high fitting degree
and reliability [42—44]. Based on the above research, the data-driven modeling method
has obvious advantages over the traditional engineering correlation and mathematical
modeling in the establishment of complex relationship models, and the BP neural network
has made great contributions. It can be considered that the decision making of applying
the BP neural network to the design stage in this paper is feasible.

The data-driven modeling in DMDCC proposed in this paper is based on a BP neural
network for the physical parameters corresponding to function units. In the decision-
making process, the BP neural network is used to establish the relationship between the
output parameters and the input physical parameters of the function, so as to obtain the
realization probability of the function unit to provide support for the complexity composite.
The introduction of a BP neural network to model the relationship between physical
parameters can achieve this purpose.

In summary, there is a close dependence between DCC theory, digital twins, and data-
driven modeling. In DCC theory, the complexity of function units needs to be composited
to calculate the realization probability of total function. The complexity of functional
elements is affected by changes in input parameters. Therefore, it is necessary to establish
the relationship between the input parameters and the output parameters of the function
unit in the existing system improvement in order to obtain the complexity of the function
unit. Data-driven modeling can meet the above purposes, so as to serve the complexity
composite. As the accuracy of data-driven modeling is based on the quality of input
data [45], digital twin technology is introduced to monitor the change process of existing
system parameters and obtain corresponding data, so as to increase the accuracy of data-
driven modeling.

3. Composite Paradigm of Complexity

Based on the theoretical research in Section 2, this paper proposes a method to evaluate
the function realization probability of a design scheme through a complexity composite.
The method includes the complexity prediction of the function units and the complexity
composite of the total function. Figure 3 shows the process of prediction and composite. The
complexity prediction model is constructed by a BP neural network, which completes the
mapping from the physical parameters of function units to output the physical parameters
and provides twin data with the digital twin of the existing system. In the new system,
there are constant parameters and variable parameters. The realization probability of the
function unit with invariant parameters is obtained by the prediction model. The realization
probability of function units with variable parameters is obtained by a digital twin model
or experimental method. The total function realization probability of the new system can be
obtained by calculating the realization probability of all function units with the complexity
composite paradigm. The specific design method and process are shown in Sections 3.1-3.3.
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Figure 3. Complexity composite process.

3.1. Design Scheme Sorting Principle

For many design schemes, the operation efficiency of the model needs to be improved.
This paper proposes a scheme sorting principle to preliminarily sort the design scheme.
The principle is as follows:

1.  Time-dependent complexity should be excluded as much as possible in the improved
design scheme.

2. The functional structure of the previous generation system should be changed as little
as possible.

3.  The design of DP must consider three aspects of information content: the robustness,
signal-to-noise ratio, and response rate.

The first step is to discern the type of complexity present in each design scheme. The
type of system complexity can be determined based on the three-criteria complexity type
determination method in DCC theory. The system complexity determination process is
shown in Figure 4.

I'and C are concepts in DCC theory. I stands for information content. In DCC theory, I
is an important index to measure the complexity of the system as it is used to distinguish
the complexity types of the system. When I = oo, it is impossible to distinguish the types
of complexity contained in the system, so the function C(t) of system complexity varying
with time is defined as shown in Formula (1).

C(t) = %ZZO I(t) 1)

According to the functional structure of the design scheme, it can be determined
whether new functions are introduced. The introduction of new functions will lead to
changes in the functional structure. Since the time-dependent complexity has a greater
impact on the prediction accuracy of the system, the priority of the design scheme is as
shown in Figure 5.
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Figure 5. Design scheme ranking principle.

When multiple design schemes are in the same priority, the robustness, signal-to-noise
ratio, and response rate of design parameters are comprehensively considered. In axiomatic
design, robustness refers to the characteristic that the design parameters can still meet
the functional requirements when they have large random changes. Design stiffness is an
important index to measure the robustness of design parameters. The relationship between
the design rigidity of the scheme and functional requirements (FRs) is shown in Figure 6.

Curvel: Large
FrRA design rigidity Curve2: Small
design rigidity

A FR} | I FR: functional requirements value
— — - — I x: parameter change

|
A x1
llll
1

I
l AXZ l
|<_> X
1 |

L

Figure 6. The relationship between the design rigidity of the scheme and functional requirements.
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From the analysis in Figure 6, it can be seen that when there are no constraints, the
smaller the rigidity, the smaller the impact on FRs. Curve 1 shows that the design rigidity is
large, and curve 2 shows that the design rigidity is small. However, sometimes the system
needs a fast response rate, and too-small design rigidity will also affect the response rate
of the system. Therefore, in the sorting of design schemes, the three properties of design
parameters can be comprehensively considered according to the actual situation.

3.2. Complexity Prediction Model of Function Unit

Before establishing the complexity prediction model to calculate the function realiza-
tion probability of function units, it is necessary to use DCC theory to sort the complexity
of multiple design schemes. In order to reduce the number of iterations and improve
the efficiency of evaluation, priority is used to determine the total function realization
probability. When establishing the prediction model, it is necessary to establish the digital
twin model of the design scheme to calculate the function realization probability. The
digital twin model can simulate part of the scheme to improve the complexity judgment of
part of the structure.

The probability of function realization is the most intuitive index to reflect design-
centric complexity. According to the size and change of function realization probability, the
complexity can be accurately reflected. The prediction of function realization probability
also needs to apply back propagation (BP) neural network technology. Its purpose is
to realize the prediction process by establishing the relationship between the physical
parameters in the system and the relevant parameters in the design range. The complexity
prediction model is driven by the twin data obtained from the digital twin monitoring
parameters of the previous generation system.

The probability of function realization is mainly reflected in the overlap degree of
system ranges and design ranges. The output of some function units indirectly affects the
system ranges of the total function, and its influence can be expressed by the output of other
function units. Therefore, in order to reduce the workload of analysis and calculation, it is
not necessary to establish the complexity prediction model of all function units. Before the
establishment of the complexity prediction model, it is necessary to screen the function units
and determine the function units that directly affect the system ranges of total function.

Both system ranges and design ranges can be expressed in the form of “metric + value”.
According to the expression of function, the carrier of metric belongs to one of the types
of flow, such as energy flow, material flow, and information flow. Therefore, the function
structure can be used to determine the function units that directly affect the system ranges
of the total function. According to the type of flow, it extends from the output end to the
input end of the function structure. The function units involved in this process are the
system range function units that directly affect the total function.

There is a clear functional relationship between the input and output physical pa-
rameters of some function units. For example, the input and output parameters of the
heat-generating function unit may satisfy Joule’s law. However, in most cases, there is
no clear physical relationship between the output and input physical parameters of the
function, so other mathematical methods are needed to establish the relationship model.
The theory of a BP neural network proves that the two-layer neural network can realize
arbitrary nonlinear mapping. Generally, when the number of training samples is small
and the hidden layer nodes are small, the two-layer neural network structure can well
realize function mapping. Increasing the number and nodes of hidden layers can improve
the calculation accuracy, but the calculation efficiency will be reduced. Different choices
can be made according to specific application scenarios. This paper adopts a two-layer BP
neural network.

The number of neurons in the hidden layer is related to the balance between computa-
tional accuracy and computational efficiency. At present, there is no practical determination
method. Most formulas will give some excess for the flexible adjustment of the number of
hidden layer nodes. This paper adopts the following formula:
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o U

Existing systems

k=+vm+n+a )

where k is the number of nodes in the hidden layer; m, n are the number of nodes in
the input layer and the output layer, respectively; and a is the excess, which is selected
according to the actual situation.

Essentially, in the complexity prediction model, the relationship between input param-
eter x; and output parameter s; of the function unit in the system is established via the BP
neural network algorithm. The output parameters refer to the physical parameters in the
system that can reflect the function realization probability of the function unit. There are
four steps to this:

1. Firstly, the function of the existing systems is analyzed, and the corresponding compo-
nents are determined in the function model according to the function units determined
by the function structure.

2. Then, physical parameters corresponding to the function units of the system range-
related function units are extracted.

3. Relevant twin data are obtained from the digital twin model of the previous generation
systems, and the corresponding characteristics are obtained by using these twin data.
These features are combined into the input x; as the training set and the corresponding
features of the new system as the test set.

4.  The nonlinear relationship between x; and s; is established by the BP neural network.

The function unit complexity prediction model can be expressed as follows:

s= f(x1,x2,-+ ,Xn) 3)

According to the relationship between function and physical parameters, four types
of function unit changes are determined:

1. The structure does not change;

2. The structure changes, but only the values of physical parameters;

3. The structure changes, and the attributes of the physical parameters also change, but
the original understanding does not change;

4. The principle solution changes.

The above physical parameters refer to the parameters within the system, excluding
products and supersystems. For the first two types of function units in the design scheme,
the complexity prediction model can be directly used to calculate the function realization
probability. The latter two types of function units need simulation verification or experi-
mental analysis with the digital twin model to obtain the function realization probability.
The process of establishing the prediction model is shown in Figure 7.

0

x: input layer node
y: hidden layer node
z: output layer node

[ 1)

The corresponding functional BP neural network
structure of function unit  analysis model

Figure 7. Complexity prediction model.
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3.3. Composite Paradigm of Total Functional Complexity

The total function realization probability is a criterion for the decision making of
design. However, only the function realization probability of the function unit is obtained
by the complexity prediction model. Therefore, a complexity composite method is needed
to calculate the function realization probability of the total function. Based on error theory
and DCC theory, this paper proposes a complexity composite paradigm.

Error can be described as the disparity between the measured data and the truth-value
due to imperfect experimental method or equipment and the influence of the surrounding
environment. Based on error theory, error can be categorized into systematic errors and
random errors. In practice, most random errors occur as a result of normal distribution.
Systematic errors are not compensatory, and they are fixed or obey certain function laws.
According to their characteristics, systematic errors can be divided into five types: constant
systematic error, linear systematic error, nonlinear systematic error, periodic systematic
error, and complex systematic error. The relationship between the five systematic errors
A and measurement process f is shown in Figure 8, where t represents time, and the change
in system error with time in the measurement has a certain law. Curves a—e represent the
variation in the above five system errors in turn.

AA b
C\‘ /\ a a: constant error
A/ b: linear variation error
e c: nonlinear variation error
d: periodically varying errors
d e: error of complex regular
e change orirregular change
0 » t: time
t A error value

Figure 8. Different types of systematic errors.

If systematic errors and random errors exist at the same time, the characteristics of
errors are as shown in Figure 9. The abscissa is the measured value, and the ordinate is the
distribution density of the measured value after multiple measurements. According to the
above definition and characteristics of errors, it can be found that there is a certain similarity
between error and the complexity of DCC theory. The similarity comparison between the
error and the complexity of DCC theory is specified in Appendix A. In error theory, the
error composite is defined as follows: based on the correct analysis and composite of
various error factors in the system, the comprehensive influence of these errors on the
system is correctly expressed. Referring to the definition of error composite, this paper
defines complexity composite as follows: the complexity of different function units in the
system is composited to obtain the overall complexity so as to determine the impact of the
realization probability of the total function of the system.

Probability
density

Deviation A |
- >

Measured
value
-

X0 ‘4—2u>‘

Figure 9. Characteristics of simultaneous existence of systematic error and random error.
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In the practical engineering system, there are many function units. Each function
unit has the complexity of different types or a different function realization probability.
Therefore, designers are required to composite different complexities to obtain the total
function realization probability so as to make decisions according to the total function
realization probability of different schemes. Since error has the same characteristics as the
complexity of DCC theory, the complexity of function units is composited according to the
error composite method. The system range of the total function can be obtained by using
the error composite method to composite the complexity of function units. The deviation
in each function unit’s functional requirements can be determined by the complexity
prediction model. Supposing that the system has n function units, and the function
requirement value of function unit is z;(i =1, 2, -- -, n), the relationship between the
function requirement value S and z of the total function can be expressed as:

y=f(z1,22," -+ ,zn) 4)

By analyzing the eigenvalues of the design scheme and using the complexity prediction
model, the deviation value of each function unit can be obtained. The deviation in the total
function requirement value is expressed as follows:

_ 4, Of of
Ay = o dz1 + 923 dzp; + + oz, dz, 5)

where %, (i=1,2,---,n) is the deviation transfer coefficient of each function unit; it
reflects the influence degree of the deviation Az of each function unit on the functional

requirements value Ay. If k; = %, (i=1,2,---,n), the above formula can be simplified as:

Ay =Y"" kilz (6)

To calculate the probability of total function realization, it is necessary to determine
the distribution of the total function requirement value. In practical engineering, most
functional requirements are caused by normal distribution. The standard deviation is
0i(i=1,2,---,n). Based on the combination method of square root, the standard deviation
of the total function requirement value can be obtained as:

oy = | Y (ki) +2 Y pji(kioy) (ko) 7

i=1 1<i<j

where p;; is the coupling degree between the two functions. In statistics, the calculation of
coupling degree refers to the correlation coefficient between the output physical quantities
of two function units. According to the composite of deviation and standard deviation, the
complexity composite paradigm of total function can be obtained as:

U=xo+) . kidzi t\/2?=1(ki‘7i)2 +2 ZTSK}' pij(kio) (kjo;) ®)

where x is the central value of the design ranges of the total function of the system and
t is the confidence coefficient. If the requirement value of the total function conforms to
normal distribution, when the confidence probability is 99.7%, t = 3. When the confidence
probability is 95%, t = 2. Generally, when the confidence coefficient is t = 3, that is, when
the confidence is 99.7%, it can be considered to cover almost all of the values.

In the complexity composite paradigm, the coupling coefficient reflects the influence
of the coupling degree among the complexity of function units on that of the total function.
In order to calculate the coupling coefficient, it is necessary to determine whether there is
a coupling relationship between function units. Based on axiomatic design theory, after
completing the zigzag mapping between the function domain and structure domain, if the
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design parameters are adjusted without affecting other functional requirements, it can be
ensured that there is no mutual influence between various functions.

According to the design matrix, it can be determined whether there is a coupling
relationship between the function units related to the design ranges. However, the value of
the coupling coefficient cannot be obtained via the design matrix. In statistics, the following
methods are usually used to judge the coupling coefficient: the direct judgment method,
observation, simple calculation method, and direct calculation method. In this paper, the
direct calculation method is used to calculate the coupling between the two functional
requirements. Let the function requirement values of FR; and FR; be z; and zj, respectively.
The coupling coefficient is calculated as:

Cov(Z;,Z)
pij = )
D(Zi) D(Zj)

where Cov(Z;, Z;) is the covariance of the functional requirements of the two function units.
By inserting the above formula into Formula (8), the system ranges of the total function in
the new system design scheme can be obtained. According to the design range and system
range, the common range can be obtained, which is the integral range of the total function
realization probability.

The design matrix proposed in this paper is the design matrix of axiomatic design,
which is used to determine the coupling degree of the system. If there is a coupling
relationship between functions, it may lead to system problems. The design matrix can
determine three coupling relationships: uncoupled design, quasi-coupled design, and
coupled design.

After obtaining the system range of the total function, the probability density function
of the total function requirement value needs to be calculated. Letting (Z1, 2, -, Zy)
be an n-dimensional random vector, the set of all possible values is D. The domain of
multivariate functions y = f(zq1,22,- -+ ,z4) is A C D. f(z1,2,- -+, zn) is the distribution
density of (Z1,Zy, - - -, Zy,). For the convenience of expression, it is written as follows:

D(y) = {(z1,z2, -+ ,zn)|f(z1,22, -+ ,zu) <y} (10)

The distribution function of Y is expressed as:

Fy(y)=P{Y <y} = / cee D(y) f(z1,22,+ ,zn)dz1dzy - - - dzy (11)

If Fy(y) is a piecewise differentiable function, the distribution density fy(y) of Y can
be obtained, which is the probability density function of the total functional requirements
value. Furthermore, by calculating the probability density function of the total function
requirement value and the area of the common range, the realization probability of the
total function can be obtained.

4. A Decision-Making Method of Design for Coupling System Based on Complexity Composite

In order to accurately predict the total function realization probability of the scheme in
the design stage, this paper proposes a DMDCC. The process of complexity composite and
evolution is divided into three steps. The first step is the generation and sorting process
of the design scheme. The second step is to establish the complexity prediction model of
the function unit. The third step is to use the complexity composite paradigm to calculate
the total function realization probability of the design scheme. This paper calculates the
total function realization probability of the design scheme by compositing the function
realization probability of the function unit, effectively reducing bad decisions being made
and improving evaluation efficiency. The DMDCC is shown in Figure 10, and the key steps
are as follows:
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Step 1: Several new design schemes are obtained from the designer, and the three-
criteria methods of DCC theory are used to perform preliminary sorting processing
on them.

Step 2: Based on the data of the digital twins of the previous generation systems, a
complexity prediction model is established. The function realization probability of the
corresponding function unit is calculated using the complexity prediction model.

Step 3: Using the complexity composite paradigm, the function realization probability
of the function unit is composited to obtain the total function realization probability of the
design scheme.
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Figure 10. The design-centric complexity composite model.
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5. Engineering Example
5.1. Case Background

As the foundation of Chinese medicine, TCM is regarded highly by Chinese people.
At present, manual prescription is the main method of dispensing in the market of TCM.
There are a number of existing forms of TCM, including powder, granules, rhizomes,
leaves, and filaments. Because of their different shapes, there are considerable problems in
dispensing TCM. The existing TCM devices often do not take into account the pollution
of various traditional Chinese medicines through the same channel, and whether each
pair of traditional Chinese medicines can be quickly proportioned according to demand.
The device proposed in this paper is designed for the specific needs of the hospital. The
requirements are as follows:

1. the device is supposed to be easy and simple enough to handle the proportion of
different forms of traditional Chinese medicine;

2. the dispensing channel needs to be improved to enhance the efficiency of dispensing;

3. the existing device needs to be improved on the premise of reducing the cost as much
as possible.

The device improves the efficiency of dispensing by improving the dispensing channel,
and can store multiple prepared TCMs at the same time for rapid response. Therefore, we
have been entrusted by a hospital to provide a scientific and reasonable method for the
decision making for improving the powder granular bulk TCM dispensing device, thereby
developing a rhizome bulk TCM dispensing device.

5.2. Decision-Making Process of the Bulk TCM Dispensing Device

In this paper, the proposed DMDCC is used to composite the complexity of the design
scheme of the bulk TCM dispensing device, and the scheme is evaluated and selected
according to its function realization probability. In this paper, the rhizome bulk TCM
dispensing device is improved by the digital twin model of the powder granular bulk TCM
dispensing device, and then the simulation experiment is carried out. The experimental
data are fed back to the detailed design of the rhizome bulk TCM dispensing device.
The digital twin model of the powder granular bulk TCM dispensing device is shown in
Figure 11.

RPN =RESTE

Figure 11. The digital twin model of the powder granular bulk TCM dispensing device.
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Step 1: Firstly, several new design schemes are obtained from the designer.

Scheme 1: The screw blade is changed to double-screw conveying. Two spiral blades
with different rotation directions are selected, and their rotation direction is opposite in the
conveying process. Thus, there is no extrusion between the TCM and the spiral feeding
barrel, as shown in Figure 12a.
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Figure 12. Improved design scheme.

Scheme 2: The wall of the extruded side of the spiral feeding cylinder is improved.
At this time, the problem of the TCM being stuck on the blade and the wall of the spiral
feeding barrel due to the gravity effect will be avoided, as shown in Figure 12b.

Scheme 3: The vibration effect can be obtained by querying the function of separating
solids in the effect library. The TCM is separated by the vibration effect, as shown in
Figure 12c.

The three schemes are made to improve the structure of the function units separating
the TCM or to obtain the effect solution, failing to introduce new functions or change the
existing functional structure. There is no obvious degradation process for the physical
parameters in the structure of schemes 1 and 2, so there is no time-dependent complexity.
However, there are some differences in the robustness of the two design parameters, as
shown in Figure 13. Due to the single screw conveyor used in scheme 2, there is a large
angle adjustment in the design range, while scheme 1 is smaller; that is, the design rigidity
of scheme 2 is smaller. Therefore, scheme 2 is better than scheme 1 in conveying accuracy.

mA Scheme 1
Scheme 2
_A_m} A I | m: robustness
| : 0: angle
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Figure 13. Comparison of design rigidity between scheme 1 and scheme 2.

According to the three-criteria method, the complexity of scheme 3 is analyzed, and
the results are shown in Formula (12). It can be concluded that scheme 3 contains time-
dependent combinatorial complexity.

Zimlz“_ I(t) =0 t< b
Jlim C(t) = tgﬁgz I(t)=n H<t<h (12)

fin LTl =0 12t

Therefore, the ranking of the design schemes is scheme 2, scheme 1, and scheme 3.
Next, the complexity analysis of the design scheme is carried out, and the total function
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realization probability is calculated until the scheme that can meet the design requirements
is identified.

Step 2: It is necessary to establish the complexity prediction model according to the
design range of the powder granular bulk TCM dispensing device in order to predict the
complexity of the rhizome bulk TCM dispensing device. First, in order to identify the
function units directly related to the design range of the bulk TCM dispensing device, it is
necessary to establish its functional structure, as shown in Figure 14.
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Figure 14. Functional structure of powder granular bulk TCM grasping machine.

According to the requirements of the national pharmacopeia, the dispensing precision
of TCM grasp is 20%. Therefore, the metric of the design ranges of the bulk TCM dispensing
device is dispensing precision, and the value is 20%. The carrier of dispensing precision is
TCM, and TCM is also the material flow. Therefore, since the output of function structure is
material flow, it can be confirmed that the relevant function units are output TCM, collect
TCM, separate TCM, and save TCM. In this device, there is no upstream and downstream
equipment of the bulk TCM dispensing device, so this paper does not analyze the saved
TCM.

After determining the function units directly related to the design ranges, the physical
parameters corresponding to the function units need to be obtained according to the
function analysis. The results are shown in Table 1.

Table 1. Corresponding relationship between function units and physical parameters.

Function Unit Component Physical Parameters

Outlet size, spiral blade thickness, inner diameter of spiral blade, outer diameter
of spiral blade, cylinder wall finish, clearance between blade and feeding barrel,
corner, speed, temperature, humidity, particle size of traditional Chinese medicine,
density of traditional Chinese medicine, rated weight

Screw feeding barrel,
Separate TCM discharge drum,
spiral blade

Height of medicine box, width of medicine box, distance between discharge port
Collect TCM Medicine box and conveyor belt, positioning accuracy of medicine box, temperature, humidity,
rated weight, disintegrating slag rate

Synchronous wheel, Height of medicine box, width of medicine box, distance between discharge port

synchronous belt, and conveyor belt, reduction ratio, conveyor belt surface characteristic parameters,
Output TCM o
roller, conveyor belt, positioning accuracy of conveyor belt, speed of conveyor belt, temperature,
medicine box humidity, rated weight, disintegrating slag rate

The output physical parameters of the separate TCM, collect TCM, and output TCM
function units are output efficiencies 771, 12, and 73, respectively. Output efficiency refers
to the ratio of the actual output to the theoretical output of TCM after the operation of each
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function unit. According to the digital twin model of the bulk TCM dispensing device, the
twin data of the corresponding physical quantities are extracted. The physical parameters
extracted from the function unit are combined with the output physical parameters to form
the input data of the BP neural network. Since there are no series products in this paper,
the constant physical parameters, such as the size of the discharge port and the thickness of
the spiral blade, are excluded. Then, the complexity prediction model of the function unit
is established by using a neural network toolbox based on MATLAB.

The complexity prediction model of the function unit of separate TCM is established,
and the prediction results are shown in Figure 15.

Training results of complexity prediction model of separating traditional Chinese Medicine
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Figure 15. Training results of complexity prediction model of function unit of separate TCM.

The decision coefficient of the results calculated by this training model is 0.969, and it
can be used to well predict the results. Then, the complexity prediction model is established
for the collect TCM and output TCM function units, and the process is the same as that
discussed above. Finally, the decision coefficient of each function unit is above 0.90, which
proves that it can accurately predict the change in characteristic parameters.

Since scheme 2 fails to change the structure of the collect TMC and output TCM
function units, the complexity prediction model of these two function units is used to
determine the function realization probability.

The powder granular bulk TCM dispensing device is the existing system, and the
rhizome bulk TCM dispensing device is the new system. The digital twin model of new
systems is improved based on existing systems. The establishment process is as follows:

1.  The data corresponding to each parameter of the function unit are collected by using
the digital twin model of the existing system, as shown in Figure 11.

2. SolidWorks is used to build the model of new systems.

3. The prototype model built by SolidWorks is imported into EDEM software. Then,
according to the prototype data of existing systems, the constraints of each part can
be set.

4. A virtual granule factory can be set with constraints according to the data statistics of
the rhizome bulk TCM dispensing device.

5. The directions of gravity acceleration, dynamic constraints, calculation domain and
other constraints are set, and, finally, the digital twin model of the new system
is improved.

Due to the limitation of software, the data collected by the sensor cannot be directly
transmitted to the digital prototype of new systems. Therefore, this study uses the data

of existing systems collected by LabVIEW to input the digital model of new systems to
complete the complexity prediction of new systems.
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The function realization probability of the separate TCM function unit is firstly cal-
culated. In this paper, the rhizome TCM Atractylodes macrocephala was used to extract the
characteristics. Through the actual measurement, the diameter distribution of Atractylodes
macrocephala is approximately normal distribution X ~ N(13.3,3.12), the thickness is about
4.35 mm, and the density is 0.53 g/cm3. The parameters, such as the size distribution and
density of TCM feedback from the physical prototype, are set to fill the particles so as to
achieve the linkage between the digital prototype and the physical prototype. The rhizome
TCM is filled with spherical particles, and the digital twin model is used for simulation
analysis, as shown in Figure 16.

/0.00441303 kg

(6. 70858, -6.71333, -1.96056)
Figure 16. Simulation experiment of digital twin model for rhizome TCM particles.

With the increase in demand for TCM input by the user, the accuracy of the bulk TCM
dispensing device also increases. Therefore, the experiment is carried out with a smaller
demand in rhizome TCM. According to the concept of the digital twins “virtual and reality
fusion—virtual control reality”, a simulation experiment is designed with a demand of 5 g
to monitor the output quality of TCM at the best rotary angle. The ratio of the actual output
weight to theoretical output weight (the output efficiency of TCM 1) is calculated by
100 simulation experiments with the digital twin model in Figure 16. Then the distribution
of the separate TCM functional requirement value is obtained, as shown in Figure 17. The
separate TCM functional requirement value roughly conforms to the normal distribution,
and the distribution law is X ~ N(1.0969, 0.01172).
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Figure 17. The distribution of the functional requirement value of the separate TCM function unit.

The collect TCM and output TCM function units can use the complexity prediction
model to obtain their function realization probability. In the input of their prediction
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models, the changed physical parameter is disintegrating slag rate, which is the main
factor that affects the output, collection, and transportation stages of TCM. The 2 kg
Atractylodes macrocephala tablets are randomly allocated to 100 groups, and the total weight
of each group and the weight of the crushed residue powder obtained through the screen
are measured. The ratio of the two is the disintegrating slag rate of each group. The
distribution of the disintegrating slag rate is obtained by statistical analysis, as shown in
Figure 18. The distribution of the disintegrating slag rate roughly shows normal distribution
X ~ N(0.05,0.0038).
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Figure 18. The distribution of disintegrating slag rate of rhizome TCM.

In the collect TCM function unit, there are also three physical parameters. The position-
ing deviation of the baffle roughly shows normal distribution X ~ N(9.8, 5.37). The indoor
temperature and humidity are uniformly distributed at X ~ U(5, 25), X ~ U(0.15, 0.35),
respectively. The above parameters are inversely transformed according to the probability
distribution, and the combined data group is substituted into the complexity prediction
model of the collect TCM function unit. Finally, the distribution of the function requirement
value of collecting TCM is obtained, as shown in Figure 19. The functional requirement
value of collecting TCM roughly conforms to normal distribution, and the distribution law
is X ~ N(0.9133, 0.033%).
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Figure 19. The distribution of the functional requirement value of collecting TCM.
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In the output TCM function unit for outputting, except for the common parameters of
the collect TCM function unit, there is also a controllable variable parameter—conveyor
belt speed. Combined with the actual situation of grasping speed and structural vibra-
tion, the belt speed of the powder granular bulk TCM dispensing device ranges from
0.3~0.5 m/s. Therefore, the belt speed range of the rhizome bulk TCM dispensing de-
vice is also 0.3~0.5 m/s. Finally, the distribution of the output TCM functional require-
ment value is obtained, as shown in Figure 20. The functional requirement value of
outputting TCM roughly conforms to a normal distribution, and the distribution law is
X ~ N(0.9685, 0.0248?).
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Figure 20. The distribution of the functional requirement value of outputting TCM.

Step 3: Before the complexity composite of the total function, the function design
matrix of the three functions is established. Thus, the coupling between the three can be
determined, as shown in Formula (13). FRy, FRy, and FRj3 are the separate TCM, collect
TCM, and output TCM function units, respectively. DP, DP;, and DPj are the screw
feeding mechanism, the medicine storage space formed by the baffle and conveyor belt,
and the conveyor belt, respectively. There is a coupling relationship between collecting and
outputting TCM, because the positioning of the drug storage space needs to control the
conveyor belt.

IRy 100 DP,
FR, | =010 DP, (13)
FR; 011 DP;

The functional requirement values of the collect TCM and output TCM function
units are combined. Then, the coupling coefficient is calculated using Pearson formula.
The relationship between the output of the three function units and the design ranges is
N = #1 * K2 * 113. 1] is the design range of total function (0.8~1.2). According to the equal
action principle of error theory, the design ranges of the three function units are (0.885,
1.115), (0.769, 1), and (0.769, 1). According to the data of design ranges and functional
requirement value of each function unit, the summary of characteristic coefficient can be
obtained, as shown in Table 2.

Inserting the above data into the complexity composite paradigm (7) allows us to
obtain the system ranges of the total function as (0.801, 1.361). Therefore, the common range
is (0.801, 1.2). According to the calculation formula of total function realization probability,
the total function realization probability of scheme 2 is 89.13%. Similarly, the total function
realization probability of scheme 1 is 86.34%, and that of scheme 3 is 84.27%.
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Table 2. Characteristic coefficients of function units.

. . Relative Deviation Standard Deviation . . .
Function Unit FR of Function Unit (%)  of Function Unit (%) Coupling Coefficient
Separate TCM 9.69 1.17 0
Collect TCM 2.88 3.3
0.630
Output TCM 8.4 2.48

6. Discussion

In the discussion of the schemes, the proposed method is verified via three methods.
The first is the contrast experiment of the physical prototype, and the specific process is
shown in Appendix B. By using a physical prototype for experiments, the real function
realization probability is calculated through statistical analysis. The second way is to
invite experts in related fields and use the analytic hierarchy process (AHP) method to
determine the weight to evaluate the scheme in this paper, and the specific process is shown
in Appendix C. The third method analyzes the scheme of this paper with the traditional
information axiom to verify the scientificity and superiority of the method proposed in this
paper, and the specific process is shown in Appendix D.

Through the comparative experiment of the prototype, it can be found that the decision-
making results obtained by DMDCC are consistent with the results of the actual prototype,
which are scheme 2 > scheme 1 > scheme 3. Therefore, it can be proved that the method
in this paper is scientific. However, the total function realization probability obtained by
the proposed method is slightly lower than that of the physical prototype. Analysis of the
reasons shows that the data used in predicting the realization probability of functional
elements are the digital twin data of the existing system, which have certain differences
from the real data of the actual prototype.

Based on the AHP method, the ranking of the three schemes is different from that
of the actual prototype. However, the best scheme selected is scheme 2, which can prove
the rationality of this method. When the degree of functional realization of the scheme is
relatively close, this difference may be due to the subjectivity of weight setting and the
conflict between evaluation criteria in the AHP method. The personnel participating in the
evaluation are the representatives of the target customers of the case, so their evaluation of
the case can represent the evaluation results of the system.

It can be seen from Appendix D Table A5 that based on the traditional information
axiom, the ranking results of the three schemes are consistent with those of the actual
prototype, which can prove the applicability of the method. However, from the perspective
of function realization probability, there is a certain gap between the function realization
probability obtained by the traditional information axiom and the actual prototype, and
this gap is larger than that of the method proposed in this paper. This proves the superiority
of the proposed method in accuracy compared with traditional information axioms.

Compared with the traditional method of calculating the total information content
by linear addition in axiomatic design, the proposed method solves the problem that
the coupling between function units affects the total function realization probability in
system design. This paper innovatively applies the integration of digital twin technology,
DCC theory, and error principle to the decision making of design. Its advantages can
be seen from the following aspects. Firstly, the traditional axiomatic design uses various
irrelevant indexes to calculate the information content of the system, ignoring the coupling
existing in the system. Coupling is inherent in systems and affects the realization of system
functions. In this paper, a complexity composite method is proposed to solve this coupling,
so as to obtain a more accurate function realization probability. Secondly, this method
uses the existing system’s digital twin data to predict the function realization probability
of the new generation systems. This process determines the parameters that affect the
function unit through functional analysis, so as to extract the twin data of the parameters.
Therefore, the important parameters affecting the total function realization probability
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can be determined through this process. After a period of operation, the system can be
maintained for important parameters, thus maintaining a high level of function realization
probability and increasing the system’s service life.

There are TCM devices with better accuracy on the market, but they are not suitable for
specified occasions. The evaluated systems are specially designed for the specific context
of the designated hospital. The decision making in this paper is also based on the specific
needs of the hospital for device improvement.

In addition, the device proposed in this paper meets the following economic needs
according to the feedback of the pharmacy.

1. The cost is lower. After the introduction of ten devices, the pharmacy saved about
20.4% in dispensing costs in the first year, increased the dispensing efficiency by 12%
in the same time, and saved about 8% in electricity costs.

2. Post maintenance is simple. It is mainly to replace the mechanical connecting parts,
which can save more maintenance costs for the pharmacy.

7. Conclusions

This paper proposes a complexity composite method based on the error composite
principle by combining the decision-making method of design, system complexity, and
emerging digital twin technology. Compared with the example of the bulk TCM dispensing
device, the effectiveness of this method in the decision-making stage is verified so as to
assist designers to make more scientific and reasonable decisions.

The main contributions of the current research can be concluded as follows:

This study proposes a method for calculating the information content between coupled
function units in the coupling system, which extends the traditional information axiom.
This method directly solves the problem that the coupling indexes in traditional axiomatic
design cannot be added linearly, and improves the scientific rationality of screening schemes
in decision making of design.

The digital twin technology is introduced into the decision making of design, which
provides twin data support for the establishment of the system ranges of coupled functional
units. This work is a precursor to integrating digital twin technology with traditional
decision-making theories in the decision making of design.

Despite the contribution of a new decision-making method, the limitations of this
study are also evident. The introduction of digital twin technology provides the twin data
drive for the decision making so as to improve authenticity and reliability. However, the
limitations of this emerging technology also restrict its use in decision making of design,
which needs to rely on the digital twin model of the previous generation of products.
To date, researchers have only established a part of the digital twin model to verify the
theory. This implies that applying digital twin technology in decision making to predict
the functional realization probability of new systems has yet to be developed.

These limitations indicate possible future research directions. In the future, we should
establish a large number of digital twins of components, adjust various parameters based
on the digital twins of existing systems, and establish a more perfected digital twin model
of new systems so as to make the calculation process of total function realization probability
more efficient and accurate. In addition, through the comparison with other existing
research methods, we can better prove the superiority of this method in the decision
making of design.
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Appendix A

In DCC theory, complexity is divided into four different types: time-independent
real complexity, time-independent imaginary complexity, time-dependent combinatorial
complexity, and time-dependent periodic complexity [21].

Time-independent real complexity indicates that the system range is inside, or partly or
completely outside the system’s design range [46]. Time-independent imaginary complexity
is the complexity caused by the designer’s ignorance of the system. Time-dependent
periodic complexity refers to the uncertainty of periodic change in the realization probability
of system function. The system range gradually deviates from the design range, but,
eventually, it will overlap with the design range, and the function realization probability
will return to the initial state. Time-dependent combinatorial complexity means that
the system range gradually deviates from the design range with time, and the function
realization probability decreases until functional failure [25]. By establishing the functional
periodicity [47], the time-dependent combinatorial complexity can be transformed into
time-dependent periodic complexity so that the system can maintain a higher function
realization probability.

The system error can be understood as the deviation between the mean value of the
current output value of the function and the design range, while the random error can be
interpreted as the distribution of the functional requirements value. The causes of system
error include the measuring device, measurement method, measuring environment, and
measuring personnel. There are two reasons for the complexity of DCC theory:

1.  there are problems in the structure domain itself;
2. the system range shift caused by the change in physical parameters of the structure
domain over time.

The system error corresponds to the complexity type of DCC theory according to
whether it changes with the measurement time and the change trend:

(1) Constant systematic error and time-independent real complexity

The constant systematic error is caused by the measurement factors that do not change
during the measurement process, and the sign and magnitude of the error are constant.
Time-independent real complexity is due to an error of principle and the degree of un-
certainty does not change with time. Therefore, the constant system error has the same
performance characteristics as the time-independent real complexity.

(2) Periodic systematic error and time-dependent periodic complexity

The periodic systematic error refers to the fact that the error changes according to
the periodic law with the change of time in the measurement process. The main reason
for the time-dependent periodic complexity is that the physical parameters related to the
system range show periodic changes. Therefore, the periodic systematic error has the same
characteristics as the time-dependent periodic complexity.

(38) Time-dependent combinatorial complexity and systematic errors of linear, nonlinear,
and complex variation laws

The systematic errors of linear, nonlinear, and complex variation laws are mainly due
to the variation in measuring devices, methods, personnel, or environmental factors. This
change leads to the same or different changes in the systematic errors of measurement. The
systematic error and the system range of time-dependent combinatorial complexity are all
due to the measurement process or time variation constantly deviating in one direction until
the error range or functional realization probability is not satisfied. Therefore, the systematic
errors of linear, nonlinear, and complex variation laws have the same characteristics as the
time-dependent combination complexity.

(4) Time-independent imaginary complexity
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Time-independent imaginary complexity is the uncertainty caused by the designer’s
lack of some specific design knowledge, not the real uncertainty. Different designers
have different degrees of existing design knowledge, so time-independent imaginary com-
plexity is too subjective and difficult to quantify. Therefore, time-independent imaginary
complexity is not discussed in this article.

Appendix B. Comparative Experiment of Physical Prototype

Firstly, the prototypes of the three schemes were trial produced. Taking scheme 2 as an
example, after completing the prototype, this paper uses the bulk Atractylodes macrocephala
tablets to carry out the medicine dispensing experiment. The dispensing accuracy is
obtained by comparing the dispensing information (weight of TCM) with the actual output
weight of the TCM. After 100 experiments, the dispensing precision scatter diagram of the
rhizome bulk TCM dispensing device is obtained, as shown in Figure Al.
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Figure A1. Scattered point diagram of adjustment accuracy.

According to the statistical analysis of dispensing accuracy distribution, the total
function realization probability of the rhizome bulk TCM dispensing device is 86.67%.
Similarly, the total function realization probability of the scheme I prototype and scheme III
prototype is obtained, as shown in Table Al. Finally, the ranking results of the three design
schemes with real function realization probability are scheme 2 > scheme 1 > scheme 3.

Table A1. Comparison of Function Realization Probability of Three Physical Prototypes.

Scheme Scheme 1 Scheme 2 Scheme 3

Total function

realization probability 83.29% 86.67% 81.94%

Appendix C. Comparison with AHP

In order to evaluate the effectiveness of the proposed method, three staff members
from different hospitals in different places and two design experts in related fields were
invited to evaluate the three schemes. The pharmacy staff included a pharmacist from a
hospital in Tianjin and two staff who assisted pharmacists in the distribution of TCM. They
had 10 years, 4 years, and 6 years of work experience, respectively. The two design experts
are professors of TRIZ theory in Hebei University of Technology, who have more than ten
years of product design experience.
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According to the evaluation index of products and services in the literature [48], three

comprehensive indexes of “customer perception”, “customer cognitive”, and “company
influence” are subdivided. The final evaluation index system is shown in Table A2.

Table A2. The evaluation index system.

Target Layer

Comprehensive Index Layer Project Index Layer (Weight Value)

(Weight Value)
11 Material of the product (0.07)
1 Customer perception—tangible assets (0.31) 12 Product convenience (0.62)
13 Product durability (0.31)

Product function - o 21 Energy saving (0.65)
realization degree 2 Customer cognitive—sustainability (0.58) 22 Views on waste reduction (0.22)
23 Time saving/convenience (0.14)

31 Consumption of manufacturing raw materials (0.07)

3 Company influence—consumption (0.11) 32 Waste from manufacturing (0.20)

33 Greenhouse gas emissions from manufacturing (0.72)

First, the evaluation rules of the evaluation index are formulated according to the
difference of each evaluation index, as shown in Table A3.

Table A3. Score evaluation table.

Description Very Good Good Moderate Not Very Good Not Good Very Bad
Score 9-10 7-8 5-6 34 12 0-1

The weight is determined by AHP, and the appropriate measurement scale is intro-
duced to represent the relative importance of each index. Therefore, the judgment matrix is
constructed (set as A, where the element x;; in a represents the relative importance of ¢;
and ej, xj; = xil_]_) and check its consistency. Via inspection, the eigenvector of the matrix is

calculated as the corresponding weight value. The evaluation indicators are divided into
five grades: equally important, slightly important, obviously important, strongly important,
and extremely important. They correspond to scales 1, 3, 5, 7, and 9, respectively, while 2, 4,
6, and 8 are between the corresponding adjacent grades.

For the judgment matrix, the “summation method” [49] is used to find its feature
vectors:

1.  The original judgment matrix X = (xij) is normalized according to columns, and

nxk
X' is obtained: )
i = el (A1)
i=1Xij
2. Calculating the vector w':
k
wi =) xj; (A2)

3. ' normalized to obtain the feature vectors:

!

w!

w; = —+— (A3)
l o1 wj

The weight set of the comprehensive indicator layer is determined by the above
method: w = {wj,wy w3}, and the weight set of the project indicator layer is
w1 = {wj1,wp,...,wjj}. Due to the limitation of space, this paper marks the project
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indicator layer according to the above method and constructs the judgment matrix A of the
first layer:
A U U U
u 1 1/5 7
U 5 1 3
U 1/7 1/3 1

(A4)

The matrix satisfies the consistency test. Then, using Formulas (A1)-(A3), its future
vector can be obtained as w = {w1, wy, w3} = {0.31, 0.58,0.11}.

Similarly, the second judgment matrix A;, Ay, and A3 can be obtained by using the
above method:

[ Ay Up U U

u, 1 1/7 1/7

U, 7 1 3 (AS)
U 7 13 1
[ Ay Uy Uy Uy |

Uy 1 7 3

Up 1/7 1 3 (A6)
| U 1/3 1/3 1 |
[ A3 Uz Uz Uss |

Uy 1 1/5 1/7

Up, 5 1 1/7 (A7)
LUz 7 7 1 |

The matrix above satisfies the consistency test. Formulas (A1)—(A3) are used to obtain
its feature vector as follows:

w; = {0.07,0.62,0.31} (A8)
w, = {0.65,0.22,0.14} (A9)
ws = {0.07,0.20,0.72} (A10)

The weight values of each indicator in the comprehensive indicator layer and the
project indicator layer are shown in Table A1.
Then, the weighted formula is used to calculate the evaluation results:

_ L (X AiWG)
m

W (A11)
where m refers to the number of experts, 1 is the number of evaluation indexes, A; is the
score of evaluation index 7, W; is the weight value of the evaluation index i, and W is the
total score. The design scheme is evaluated according to the above calculation method.

The evaluation results of five experts in related fields are brought into Formula (A11)
to calculate the final evaluation results of the product function realization degree, as shown
in Table A3. According to the results shown in Table A4, the order of the function realization
degree of the bulk TCM dispensing device is scheme 2 > scheme 1 > scheme 3.

Table A4. Final evaluation results of product function realization degree.

Comprehensive Evaluation Indicator Sccl(:;;f:; ssfl(:;;f:; SSCCI(:(r:nf:;
Customer cognitive 6.71 6.65 6.97
Customer perception 6.59 7.35 6.04
Company influence 5.05 7.63 7.61

Final score of product function realization degree 6.13 6.72 6.26
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Appendix D. Comparison with Information Axiom

In order to verify the rationality of the method proposed in this paper, the case is also
studied based on the classical evaluation method, namely the information axiom. Since the
information axiom and its derivative methods are both a linear addition for the information
content of each index, the advantages of this method can be obtained by discussing the
traditional information axiom.

The axiomatic design theory proposed by Suh [14] uses the information axiom to
evaluate the design schemes. This axiomatic design theory is characterized by using the
success probability that the design parameters meet the functional requirements, that is, the
function realization probability, to express the designer’s satisfaction with the evaluation
index. By calculating the information content of the design scheme, the design scheme with
the minimum information content is selected as the best design. The information axiom
gets rid of the influence of traditional methods, relying on the designer’s experience of
design scheme evaluation, and avoids the conflict between evaluation indexes in MCDM.
In this case, we calculate the information content of the design scheme according to the
Formulas (A12)—(A14).

I = —log,p (A12)
du
p= [ FFR)AFR = A, (a13)
m
L=h+L+-+In=)1 (A14)
i=1

where [ refers to the information content of a single index, p refers to the function realization
probability, and I; refers to the total information content of the system. When the design
scheme best meets the user’s needs, the information content I is the smallest, and the
function realization probability p is the largest; on the contrary, when the design scheme is
the least in line with the user’s needs, I is the largest and p is the smallest.

The three design schemes are sorted by the information axiom, and the result is scheme
2 > scheme 1 > scheme 3. Table A5 lists the function realization probabilities obtained
through the physical prototype experiment, DMDCC, and information axiom.

Table A5. Comparison of Function Realization Probability of Three Physical Prototypes.

Scheme Scheme 1 Scheme 2 Scheme 3
. o experiment of physical prototype 83.29% 86.67% 81.94%
fotal f“;‘fg;‘:l‘)irl‘;f;zatlon F pvpce 86.34% 89.13% 84.27%
information axiom 79.49% 83.96% 78.86%
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