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Product portfolio optimization is a typical multiobjective problem. The multichoice goal programming method becomes a
popular means of resolving multiobjective decision problems. However, the classic multichoice goal programming method treats
the product portfolio optimization in isolation and does not consider the mutual influence between portfolio products. Re-
searchers should consider the interaction between products in portfolio optimization so that they can be adjusted to “real world”
problems. The interaction between products can be explained by population dynamics. Logistic model is a classical method to
analyze the population interaction. The equilibrium point of logistic model can show the ideal state of product population
coordinated development. The combination of logistic and multichoice goal programming method is an effective approach to
analyze the interaction of product portfolio. This paper therefore proposes a new alternative method to formulate the multi-
objective problem and also uses an illustrative example to demonstrate the usefulness of the proposed method. The comparative
analysis of model optimization results shows that logistic multichoice goal programming model can take into account resource
constraints, product collaboration, and output maximization. Logistic multichoice goal programming model shows good
performance in the aspects of operation complexity, operation time, sensitivity analysis, and collaborative entropy evaluation.

1. Introduction

It is established that decision-making affects organizational
performance. Companies can therefore achieve greater
profits by increasing revenue or reducing costs. In practice,
company decision-making is a complicated process because
many decision-related problems involve multiple criteria or
conflicting objectives. GP (goal programming) has been
widely used to resolve multiple criteria or the objective
optimization problem. The rationale behind the application
of GP is that the decision maker will outline aspiration levels
that are closely tied to resource limitations.

Researchers will sometimes encounter more complex
decision-making issues than increasing revenue and reducing
cost. For example, research objects are symbiotically related
and researchers should consider the relationship between
research objects when making decisions. For example,

consider product portfolio optimization. Suppose that a
company is manufacturing and launching products x; and x,
and then imagine the following scenarios: (1) the company
adopts a specialized strategy. Products x; and x, are different
models of the same product. One example is the competition
between Ford Motor’s Mondeo and Taurus models. (2) The
company adopts a related diversification strategy. The rela-
tionship between the two products is mainly collaborative.
One example would be a special purpose drone and the
drone’s operation simulator. There is a synergistic relation-
ship between the two, and when more drones are sold, market
demand for simulators increases. The sale of simulators and
their applications promotes the sale of special drones. (3) The
company adopts an unrelated diversification strategy. Two
products share company resources, and their relationship is
mainly competitive. One example is a company that produces
mobile phone batteries and petrol cars.
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Product portfolio research needs to consider synergy or
competition between products. To solve similar problems,
this paper views research objects as symbiotic populations
and introduces the dynamic mechanism of symbiotic
population. This paper is also practically significant because
it provides an appropriate analysis method for various
products, which companies can then use to analyze and plan
the development of PPs (product populations). The PPs need
to be kept to an adequate scale in order to promote the
development of collaborative relationships in the pop-
ulation. This approach can analyze the state of development
of the current PP (product population) and help to deter-
mine if it is in a collaborative state. The intrapopulation
relationship shows the level of competition in this industry.
The direction of this field’s development can be determined
by referring to the results of the analysis. Companies can use
this method to study industrial policies, and this can in turn
help them to create appropriate policies that promote the
development of PPs.

The research organization of this article is as follows: this
paper (1) reviewed the progress of related research through
literature review, (2) used population dynamics to analyze
the influence mechanism between interactive product
populations, and (3) built multichoice goal programming
and logistic multichoice goal programming models for
product portfolio optimization and comparative analysis.
This paper proposed an alternative method to formulate
multiple choices and, in so doing, made three contributions:
(1) it constructed interactive relationships between products
on the basis of population dynamics and logistic models; (2)
it embedded interaction constraints in the multichoice goal
programming model and thereby enhanced product col-
laborative optimization capabilities; and (3) it demonstrated
how the logistic-multichoice goal programming approach
can be easily used to solve interaction issues between
products in product portfolio optimization.

The highlights of this article are as follows: (1) from the
perspective of population dynamics, the problem of product
portfolio optimization is analyzed, which expands the ap-
plication scenarios of the logistic model. (2) The equilibrium
point characteristics of population growth analysis are ex-
tended to the multichoice goal programming model, which
expands the analysis function of the multichoice goal pro-
gramming model.

2. Literature Review

A company’s product portfolio management seeks to use
priority resources to achieve goals, maximize the value of the
product portfolio, and achieve the correct combination of
programs [1]. Related applied research has provided further
insight. Bayou and Reinstein summarize the important role
of a fuzzy hierarchical model in the adjustment of a product
portfolio strategy [2]. Chung and Pearn use analytic hier-
archy process and the Network Analysis Method to analyze
the semiconductor production process and obtain the best
product combination [3]. Rao draws on empirical research
and analysis of pharmaceuticals to verify the important role
of product portfolio management in the process of corporate
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strategic adjustment [4]. A substantial amount of research
has engaged product portfolio decisions. The main methods
that have been used include linear programming, Activity-
Based Costing, Intelligent Algorithm, TOC (Theory of
Constraints) method, and a comprehensive algorithm that
combines each of these methods. Of these, the TOC method,
which was first proposed by Goldratt [5], is the most fre-
quently used. Luebbe and Finch suggest that a combination
of TOC and integer linear programming method can pro-
duce the optimal product portfolio [6]. The TOC method has
continuously improved. Tanhaei and Nahavandi proposed a
heuristic algorithm to determine the optimal product
portfolio in two resource-constrained environments [7].
Besides, Kahveci et al. apply TOC to companies with ca-
pacity constraints [8]. The TOC method mainly considers
resource constraints, and it is therefore difficult for this
paper to meet its research needs. With the development of
related studies, more studies have used a composite ap-
proach to discuss product (stock/project) portfolio selection.
Bhattacharyya et al. introduced a novice solution method-
ology for multiobjective optimization problems having the
coefficients in the form of uncertain variables [9]. The
embedding theorem established the set of uncertain vari-
ables that can be embedded into the Banach space. Bhat-
tacharyya et al. resented a fuzzy multiobjective
programming approach to facilitate decision-making in the
selection of R&D projects [10]. Guo et al. considered a fuzzy
multiperiod portfolio selection problem with V-shaped
transaction cost [11]. A mean-variance model is formulated
with the objective of maximizing the terminal return under
the total risk constraint over the whole investment. Debnath
et al. apply a hybrid multiple criteria decision-making ap-
proach for strategic project portfolio selection of agro by-
products [12]. The method is applied to rank the strategic
project portfolios according to the aggregated preferences of
decision-makers. Mohuya et al. provided a cross-entropy
based multiobjective uncertain portfolio selection approach
[13]. A multiobjective uncertain portfolio selection model
has been proposed by defining average return as expected
value, risk as variance, and divergence among security
returns as cross-entropy where the security returns are
considered as uncertain variables. Kar et al. proposed a new
biobjective fuzzy portfolio selection mode to choose port-
folio [14]. It can be seen that research papers can embed
constraints in traditional optimization models according to
the research objectives. At present, optimization models that
consider the synergy between products are relatively rare.
This paper will therefore develop a comprehensive opti-
mization method that encompasses resource constraints,
output maximization, and population coordination.

A population is a group of individuals from the same
species who collectively occupy a specific time and space. A
“population” of products addresses the same pan-customer
group, and the different parts are conjoined by relation-
ships of mutual influence. The ecological population model
can be used to study the characteristics of the product
portfolio, and the portfolio products are known as the
“PPs” (product populations). In recent years, ecology has
been widely applied in different fields. Most of the literature
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on product management applications focuses on opti-
mizing enterprise product portfolio scale and structure,
although a few authors also consider factors that affect
product evolution. Rober observes that the degree of dif-
ference in consumer preferences, the cost of product de-
velopment, and the product’s marginal revenue are the
main factors that determine the product line’s width and
length [15]. Fruchter et al. introduce a genetic algorithm to
explore the cannibalization of product items and resolve
the optimization of the product line under relevant con-
ditions [16]. Ommering puts forward the concept of
product population to resolve the diversity and versatility
of the software product development process [17], and
quickly completes the software product upgrade and
evolution by applying software architecture and reorgan-
izing and splitting modules. Kazuhiko et al. take the impact
of the number of air conditioners in Japan on climate
warming as an example [18] and use an integrated life cycle
assessment and population balance model to evaluate the
impact that the social scale of product populations has on
the environment. Kim et al. use a population balance model
to consider the life cycle and evaluate the waste of South
Korean electronics and electronic equipment [19]. Most of
the current literature uses ecological population theory and
methods to study the coevolution of corporate and in-
dustrial populations, but its application remains restricted
to the macro and meso levels. Few product portfolio
contributions consider the micro level of the enterprise in
great depth. There is no detailed account of how the en-
terprise achieves and maintains balance, and there is also
no extensive consideration of the product portfolio strategy
that the enterprise should formulate.

By drawing on the Theory of Population Dynamics,
this paper considers a company’s product portfolio as a
product population and explores how the product pop-
ulation’s structure and scale can be determined under
conditions of population synergy. It also considers how
the product population’s scale and structure can be
continuously optimized in a way that balances enterprise
output, product synergy, and resource allocation. To
solve these conundrums, this paper maintains that re-
searchers need to: (1) define the relationship between
products by conducting qualitative research on the
product portfolios, (2) use the logistic model to analyze
the product population’s growth balance and determine
the relationship between related parameters, (3) use the
parameter relationship to modify the MCGP (multi-
choice goal programming) model, and (4) use the lo-
gisticcMCGP model for combination and scale
optimization. Researchers will then evaluate the opti-
mization results.

3. Product Population Growth Model

In this section, researchers introduce the construction ideas
of the product population growth model. Based on the lo-
gistic model, an enterprise product population relationship
model is proposed, and the equilibrium point is analyzed. At
last, the model is explained with a real-life scenario.

3.1. Model Construction Ideas. When there are abundant
resources, populations can grow at geometric or exponential
rates. As resources deplete, population growth rate slows and
eventually stops. This is known as logistic population
growth. The environment limits population growth by
changing birth and death rates. On average, small organisms
experience per capita increases at higher rates and more
variable populations; large organisms, in contrast, have
lower per capita increase rates and less variable populations.

Once the resource constraints and the need for spe-
cialization are taken into account, it becomes apparent that it
is difficult for any firm to develop all types of products. The
study of PP dynamics should consider the influence of re-
source constraints. A population’s ecological sense is a
collection of certain organisms within a given time and
space. The region where the population grows is a relatively
homogeneous nonlinear region that is different from the
surrounding environment. Within natural hierarchy sys-
tems, there are universal temporal and spatial constraints.

The spatial distribution characteristics of different eco-
logical regions (including boundary, distance, nature, shape,
and size) generate ecological zones, form the differences of
ecosystem, and regulate population growth. The model of
enterprise PP dynamics focuses on the quantity change in
the PP. Its changing rule is based on the nonlinear growth
principle of biological population quantity. Most species
have a nonlinear growth model.

Competition and synergy within populations are also
important and are based on the intraspecific competition
principle of biological populations. Competition exists
within the biological population. When the population scale
is larger, the competition is more intense. Competition
among populations performs the function of population size
adjustment. There is also a certain competition mechanism
in the PPs that will suppress their excessive expansion to
some extent.

Intraspecific competition is also part of the “survival of
the fittest” and it should therefore be an important com-
ponent of the growth model for PPs. There is also a com-
petitive or synergistic relationship between the different PPs.
In citing the preceding points, this study uses the Growth
Dynamics Model of Biological Population Theory to in-
vestigate the development characteristics of PPs.

3.2. Model Deduction. Inaccordance with the logistic model,
this paper constructs an internal relationship model of PP,
(product population 1). It follows that

Gy = 0 a1N1<1 —%) (1)
1

where G, (t) indicates the population growth rate of phase ¢
and N, (#) indicates the number of individuals in the
population in phase t. In a certain period of time (phase t),
K, is the maximum population scale in a constant envi-
ronment. Each unit occupies resources and is defined as
1/M,. «; reflects the promotion of population growth. (1 -
(N,/M,)) reflects retarded growth caused by the pop-
ulation’s consumption of limited resources.



If G, () >0, then AN, (t) > 0. The synergistic effects are
the dominant effects in the population. Enterprise resources
can support an increase in the number of individuals in an
PP, which means the growth can be sustainable.

If G, (t) <0, then AN, (¢) <0 and the competition effect
is dominant in the population. Resources are less able to
support an increase in the number of individuals in the PP,
which means the growth is unsustainable.

On the basis of the logistic model, this paper constructs
an internal relationship model of product population 2
(PP,). It follows that

dN N
G,(t) = dzt(t) - a2N2(1 - ﬁ) (2)
2

where N, (t) represents the number of individuals in the PP,
(product population 2, PP,) in period t.

This paper should consider the impact of PP, on PP,. The
logistic model can then be modified as follows:

dN, (1) _ _ Ny BuN,
i —(xlN1<1 M1+ , (3)

Gy (1) = iz
2

where f3,, is the influence coefficient of population 2 on
population 1. If 3, > 0, population 2 has a synergistic effect
on population 1. If 8;, <0, population 2 has a competitive
effect on population 1.

Once the dependent symbiosis system is formed, the
promotion of population 1 means that the size of population
2 will also increase. The scale change of population 2 can be
described as follows:

dN, (t N N
G,(t) = dzt()zazNz(l_ﬁZJ%)) (4)
2 1

where f3,, is the influence coefficient of population 1 on
population 2. If 3,; >0, population 1 has a synergistic effect
on population 2. If 8,; <0, population 1 has a competitive
effect on population 2.

In the system of IP; and IP,, the symbiosis mathematical
model is

dN, (¢ N N
Gl(t): dlt():(xlNl<1—A4l+ﬂ;\24_ 2);
1 2

(5)

dN, (1) N, BuN,
G,(t) =—2—=a,N (1 -2 .
? dt 2 M, M,

Of them, 1 > f3,, >0, 1> f3,; > 0. 3, is the contribution of
population 2 to population 1, which means that the re-
sources that population 2 supplies to population 1 are f3;,
times the resources that population 2 supplies itself with. The
dependent and independent conditions then establish
1>, >0. Similarly, 1> f,,>0.

The stability analysis of the equilibrium point will now be
used to discuss the symbiosis stability of populations 1 and 2.
When they both reach a symbiotic stable state, the differ-
ential equations can be expressed as
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dN, (1) N N
fl(Nl,NZ)E—dlt :“1N1(1——1+ﬁ—12 2>=0>

f2(NLN,) E%:%Nz(l _&+BZIN1) 0.

Solving the equations can obtain the equilibrium point of
the symbiotic relationship between the two PPs:

M, (1+B1y) Mz(l*'ﬁu))
P1(0.00 834,012y 0Ny AL, B

(7)

The interdependence of the two populations means that
the population size cannot be zero, and so points P, P,, and
P; are discarded. P, point, respectively, corresponds to the
scale of populations 1 and 2. Besides, the conditions for P, to
be meaningful are

M, (1+By)
1- ﬁ12ﬁ21

>0,

(8)
M2(1+/521) 0
T=Bupu

Only the nonnegative solution can be obtained by solving
the preceding equations. The equilibrium point is
(M (14 Bp)/1 = Bryfays My (1+By))/1 = B1pfyy). Tt repre-
sents the equilibrium state of resources occupied by PP; and
PP,.

3.3. Model Explained with a Real-Life Scenario. This article
takes BYD’s new energy vehicle innovation and development
as an example to illustrate the practical significance of the above
model. BYD Co. Ltd. is a Chinese manufacturer of automobiles
and rechargeable batteries based in Shenzhen, Guangdong
province. It has two major subsidiaries, BYD Automobile and
BYD Electronic. BYD has grown to become a major manu-
facturer of rechargeable batteries, most notably mobile phone
batteries. It was founded in February 1995 and listed on the
Hong Kong Stock Exchange on July 31, 2002. A year after the
2002 acquisition of Tsinchuan Automobile Co. Ltd., BYD
Automobile Co. Ltd. was born. The market value of BYD Auto
is now among the best in the world. Seeking to utilize BYD
battery production resources, in addition to gasoline-powered
models, BYD sells a full hybrid, the F3DM, and all-electric E6
cars and K9 buses. This paper uses Figure 1 to illustrate the
relationship and evolution of BYD’s product populations.

As shown in Figure 1, the evolution path of BYD’s
product population relationship can be found. BYD’s
battery business and automobile business can be regarded
as two related product groups. These two product groups
share various resources of BYD, and at this time there is a
competitive relationship between them. At the same time,
there is a mutually beneficial relationship between the
battery product population and the automobile product
population. The battery business unit can provide
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FIGure 1: Relationship and evolution of BYD’s product populations.

rechargeable batteries to the new energy vehicle business
while expanding its own sales. Compared with other
competitors, the new energy vehicle business has an ad-
vantage in the supply chain. If the company can handle the
relationship between the two product groups, it can make
the two product groups form a synergistic relationship. The
key to the collaborative development of product pop-
ulations lies in product portfolio design and resource al-
location. Product portfolio design and resource allocation
influence each other. From the perspective of resource
allocation, there is an equilibrium point of combination
scale between product populations. At this equilibrium
point, the resources allocated to each product group are
sufficient, and a synergistic effect is formed between the
groups to maximize the benefits of the entire company.

4. Output Oriented Population Size
Optimization Model

Objective programming is an effective method that can be
used to solve the multiobjective programming problem. Its
basic idea is to determine a desired value (objective or ideal
value) that can be used for each objective function of the
multiobjective programming problem. However, the limi-
tations imposed by various conditions mean these objective
values are often impossible to achieve. Positive or negative
deviation variables are therefore introduced into each ob-
jective function to represent a situation where the objective

value is either exceeded or not attained. The objective’s
priority and weighting coefficient are introduced so that the
importance of each objective can be distinguished. Con-
straint equations are then established for all objective
functions. On the basis of this new set of constraints, a
scheme to minimize the combination deviation is obtained.
The foundations of the objective programming model are
simple and easy to understand, and the model and its hy-
pothesis are consistent with reality. When compared with
other methods, the objective programming method is found
to be more convenient, effective, and flexible. It is also more
applicable to multiobjective problems.

4.1. Multichoice Goal Programming. In recent years, MCGP
(multichoice goal programming) has been widely used to
resolve many practical decision-making problems [20].
Chang et al. integrate MCGP and fuzzy mathematics
methods and apply them to the different strategic direc-
tions of acrylic plate manufacturers [21]. They consider the
multiobjective expectation level and fuzzy relationship and
thereby help decision-makers select the best supplier. Lee
et al. solved the problem of engineering technology se-
lection in product design by a combining MCGP model
[22]. Chen et al. propose a three-layer MCGP method that
will help forest managers obtain appropriate solutions for
forest resource allocation [23]. Chang’s MCGP method is
described as follows [24]:
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n n
Objective function: Min Y (d +d;) + Y (e} +¢;),
i1

i=1

[ fi(x)-d +d; =g, i=12,---,n
xEX:{xl,xz,--.,xm}, .
Constraints: - gime & =gimw 1=1200m )
Jiimin < 9i S Jiymax 1= 12,0551,
d;.d;,e,e; >0, i=12,---,n,
| X € F, (Fisthesetof feasible solutions).

Here, d}, d; indicates the value of the ith goal that is close to
but does not reach the goal’s expected value. f;(x) is the
objective function of the ith objective. X is the decision
variable, which represents m alternatives (x;, x,,--,x,,). g;
is the expected level for the ith goal. ] and e; are close to
positive and negative deviation variables of |g; — g; naxl-
G min a0d g; 1., are the lower and upper limits of the target
for g;.

MCGP 9 is a linear form of objective programming,
which can be solved by some common linear programming
software. Once the objective function is minimized, it can be
infinitely close to the objective value. The minimization of
the objective function can also enable the objective value to
infinitely approach the upper boundary of the objective.
Equation (9) can be solved by linear programming, and
optimization can be performed by linear programming
software. For model performance analysis, see Table 1.

4.2. Logistic Multichoice Goal Programming Optimization.
Two main advantages are produced when the logistic model
is applied to product portfolio optimization. Resource
constraint is the primary constraint of product portfolio
optimization. The construction principle of the logistic
model is also based on resource constraints in the population
living environment. The application of the logistic model to
product portfolio optimization can effectively ensure the
constraints of resource finiteness. The Internal logistic model
can effectively describe the growth dynamics characteristics
of product populations. The logistic model between product
populations can effectively describe the growth dynamics
characteristics under the influence of product population
interaction. Products need to find the equilibrium point of
output. The equilibrium points are conducive to the com-
mon development of the two product populations. The
equilibrium points are represented by

M (14 B/l = Brafars My (1+ o)1 = Biofy-

The optimization results of the product portfolio are
reflected in the product quantity and structure. Each product
has its own life cycle, and a company cannot produce just
one product. The product portfolio must also contain more
than one product. The synergy between product groups can
be realized by the two constraints of mutual benefit coef-
ficient and product structure. The mutual benefit coefficient
is expressed by f3,,, 5,;, and the product’s structure index is
expressed by M, (1 + f3;,)/M, (1 + f5).

Once the symbiotic relationship is taken into account,
some new constraints need to be added to model (9):

X :M1(1+ﬂ12),
! 1=y By’
_ M, (1+Byy).
: 1_ﬁ12'ﬁ21 7
1 (10)

X Mi(1+8).

X, - M, (1+B,,)

0.1<B,<1;

[ 0.1<f3,, < 1;

where M, (1 + f3,,)/1 — 1,8, is the equilibrium point that
represents the equilibrium state of resources occupied by
PPy. M, (1+ ,;)/1 = 1,5, is the equilibrium point that
represents the equilibrium state of resources occupied by the
PP,. M, (1 + f3,,)/M,(1+ f3,;) is the ratio constraint be-
tween PP, and PP,, which can ensure the synergistic rela-
tionship between PP, and PP, in the optimization operation.
Set B,,>0.1,5,,>0.1 to ensure the distinctiveness of col-
laborative activities.
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Embed the logistic dynamics model and the symbiotic
population equilibrium point as constraints in the MCGP
model, and then obtain the logistic-MCGP model:
n n
objective function: Min Z (df +d;) + Z (e +e;),
i=1 i=1
fix)-di +d; =g, i=12,--,n,
xe€X={x,x5 %}
gi_ej+e;:gi,max’ i=1,2,--,n,
gi,minsgisgi,max’ i=12---,m,
d.,d,ee; 20, i=12---,n,
(11)

constraints: <

Logistic-MCGP model 11 retains the operational
characteristics of the MCGP model and exhibits two new
features: (1) the logistic-MCGP model reflects the resource
constraint principle of traditional product portfolio re-
search; (2) the model also reflects the synergistic rela-
tionship between products in the product portfolio and
effectively utilizes resource constraints and Product Pop-
ulation Growth Theory. Equation (11) can be solved by
linear programming, and optimization can be performed
by linear programming software. For model performance
analysis, see Table 1.

5. An Example

In this section, an example is given to illustrate the difference
between the optimization results of logistic-MCGP and
MCGP models. The comparative analysis of model opti-
mization results shows that logistic-MCGP model can take
into account resource constraints, product collaboration,
and output maximization. Logistic-MCGP model shows
good performance in the aspects of operation complexity,
operation time, sensitivity analysis, and collaborative en-
tropy evaluation.

X € F, (Fistheset of feasible solutions),

X _M1(1+ﬁ12),
b 1_/3’)12ﬁ21 7

x _M2(1+ﬁ21)
2 1-Buby

x M, (1+p,)
xiz - M, (1+y)

[ 0.1<B,<L,0.1<pB, <1

5.1. The Relationship between Sample Data and Variables.
The company produces two related product populations
(PP, and PP,), and there is a synergistic effect between them
both. Variable interpretation and data selection are as
follows:

(1) Py: population scale of PP; (sales of PPj, unit:
number)

(2) P,: population scale of PP, (sales of PP,, unit:
number)

(3) C;: investment for P; (unit: 1000 $)

(4) C,: investment for P, (unit: 1000 $)

(5) Oy: output of P; (expressed by the profit of Py, unit:
$)

(6) O,: output of P, (expressed by the profit of P,, unit:
$)

(7) CT: total investment (CT = C,; + C,, unit: 1000 $)

(8) Or: total output (Op=O; + O,, unit: $)

(9) M;: maximum population scale for PP, (invest the
entire budget on P;)

(10) M,: maximum population scale for PP, (invest the
entire budget on P,)



TaBLE 1: Relative performance of MCGP/(9) and logistic-MCGP/
(11) (CPU time) (hh:mm:ss).

Year MCGP/(9) Logistic-MCGP/(11)
12 00:00:00 00:00:00
11 00:00:00 00:00:00
10 00:00:00 00:00:00
9 00:00:00 00:00:00
8 00:00:00 00:00:00
7 00:00:00 00:00:00
6 00:00:00 00:00:00
5 00:00:00 00:00:00
4 00:00:00 00:00:00
3 00:00:00 00:00:00
2 00:00:00 00:00:00
1 00:00:00 00:00:00

As shown in Table 2, the sample data can be found. Based
on the collaborative perspective, this paper can get the in-
terpopulation relationship model (as shown in Figure 2)
between PP, and PP,.

As shown in Figure 2, the relationship model shows the
influence path and variable coeflicients between symbiotic
innovation populations. The small system composed of two
populations can be regarded as a niche in a product
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ecosystem. In this ecosystem, multiple related populations
affect each other, and there are also interactive behaviors
within the PPs. This kind of mutual influence can be
expressed as coordination or competition. The constraints of
the total resources in the environment mean that collabo-
ration between or within populations may not necessarily
promote product optimization. The total resource variable is
set in the model, which fully reflects the resource constraint
mechanism.

5.2. Optimization Model Interpretation. In this case, the
number of authorized patents is taken as a measure of in-
novation output. This paper uses the objective solution of
MCGP and the solution of the resource-constrained model
(equilibrium value) to construct the suitability of pop-
ulation. The related functions and parameters are listed
below:

F; (X) =10x; + 11.5x, (profit goal, the more the better)
F, (X)=0.1x;+0.3x, (investment goal, the less the
better)

On the basis of MCGP-achievement, this problem can be
formulated as

. + - + - + - + -.
Mind| +d, +d, +d, +e| +e +e, +¢,;

s.ty; = 10x, + 12x, - d| +d;

¥, =5x, +8x, —d, +d;;

yi—€ +te =O0r; y;< =0
y1—€ +e; =Ep;  y,< =Crp;
d; > =0;
d; > =0;
d,> =0;
d, > =0;
e{> =0;
e, > =0;
e, > = 0;
e, > =0;
x> 0;

x, > 0.

for output goal, the more the better,

for expenditure goal, the less the better,

(12)
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TaBLE 2: Sample data.
Year P, C, 0, M, P, C, 0, M, Profit target  Investment budget Or Cr
12 18,000 1800 180,000 18,010 1100 330 12,650 6003 188,031 1801 192,650 2130
11 14,000 1400 140,000 16,530 1000 300 11,500 5510 146,809 1653 151,500 1700
10 12,000 1200 120,000 14,870 940 282 10,810 4957 186,725 1487 130,810 1482
9 11,000 1100 110,000 12,880 900 270 10,350 4293 198,582 1288 120,350 1370
8 7700 770 77,000 10,720 800 240 9200 3573 128,325 1072 86,200 1010
7 2200 220 22,000 8580 700 210 8050 2860 78,507 858 30,050 430
6 2100 210 21,000 7170 700 210 8050 2390 50,594 717 29,050 420
5 2500 250 25,000 7970 690 207 7935 2657 26,354 797 32,935 457
4 2200 220 22,000 6860 630 189 7245 2287 16,439 686 29,245 409
3 1800 180 18,000 6910 660 198 7590 2303 9435 691 25,590 378
2 1700 170 17,000 5930 700 210 8050 1977 6514 593 25,050 380
1 1500 150 15,000 5190 710 213 8165 1730 5439 519 23,165 363
—
Input,
(investment)
-

Input,
(investment)

FIGURE 2: Interpopulation model of PP;, PP,.

After the symbiotic relationship is considered, new
constraints need to be added to the preceding model:

s.t.
M, (1+

X, = M; equilibrium value for PP,,
1=f1yBn
M, (1+

x, = M; equilibrium value for PP,,
1=Bi B

0.1<fB,,<1; forboundof f3,,

0.1<f,, <1; forboundof f3,;,

x, M (1+
et M; ratio constraint between PP, and PP,.
x;  My(1+py)

(13)

Set 3,,>0.1,3,; > 0.1 to ensure the distinctiveness of
collaborative activities. The problem is solved using
LINGO software [25], as shown in Tables 3 and 4 and
Figures 3 and 4. MP; is the solution of MCGP model for
the population scale of PP, (sales of PP, unit: number).
MP, is the solution of MCGP model for the population
scale of PP, (sales of PP,, unit: number)

As shown in Table 3, Product 2 has significant ad-
vantages in Years 1-5. After Year 8, Product 1 shows
significant advantages. Irrespective of the collaboration

between the two products, the investment can be tilted
towards superior products. The total outputs of the
sample and MCGP in the twelve years are 876,595 (unit:
1000 $) and 1,035,677 (unit: 1000 $). The optimized result
of the MCGP model can create more profits.

The MCGP model can optimize the product mix from
the perspective of input and output. This is an effective
efficiency improvement measure in the short term. When
looking at different product portfolios in isolation, the
MCGP model has always been an effective method. There are
some extreme values in the optimization results of the
MCGP model, such as 0 values. This is a relatively idealized
data. In actual production system, a certain product cannot
be completely stopped at will. The optimization results of the
MCGP model differ greatly from the original data. If the
production adjustment is carried out completely according
to the optimization results of the MCGP model, it will bring
about greater changes to the production system. The re-
quirements for flexibility of the production system are
relatively high.

As shown in Figure 3, P; and MP, follow a similar trend.
Product 1 holds a dominant position in the product port-
folio. Both the sample observation and optimized data show
similar trends. After Year 7, the scale of P; increases rapidly,
and this shows that the organizational environment can
promote the rapid growth of P;. There is a difference be-
tween the two values. The development scale of P; does not
conform to the standard set by the MCGP model. The P,
scale does not meet the optimization goal under the
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TaBLE 3: Solution of MCGP model.
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Year MP, C (O} M, MP, C, 0O, M, Or Cr
12 18,803 1880 188,030 18,010 0 0 0 6003 188,030 1880
11 13,531 1353 135,310 16,530 999 300 11,489 5510 146,799 1653
10 18,672 1867 186,720 14,870 0 0 0 4957 186,720 1867
9 19,858 1986 198,580 12,880 0 0 0 4293 198,580 1986
8 12,832 1283 128,320 10,720 0 0 0 3573 128,320 1283
7 7397 740 73,970 8580 394 118 4531 2860 78,501 858
6 3147 315 31,470 7170 1140 342 13,110 2390 44,580 657
5 0 0 0 7970 2291 687 26,347 2657 26,347 687
4 0 0 0 6860 1429 429 16,434 2287 16,434 429
3 0 0 0 6910 820 246 9430 2303 9430 246
2 0 0 0 5930 566 170 6509 1977 6509 170
1 0 0 0 5190 472 142 5428 1730 5428 142
TaBLE 4: Solution of logistic-MCGP model.
Year LMP, C 0, M, LMP, C, 0, M, Oy Cr
12 13,592 1359 135,920 18,010 4530 1359 52,095 6003 188,015 2718
11 10,612 1061 106,120 16,530 3537 1061 40,676 5510 146,796 2122
10 13,497 1350 134,970 14,870 4499 1350 51,739 4957 186,709 2699
9 14,370 1437 143,700 12,880 4771 1431 54,867 4293 198,567 2868
8 9276 928 92,760 10,720 3091 927 35,547 3573 128,307 1855
7 5675 568 56,750 8580 1891 567 21,747 2860 78,497 1135
6 3657 366 36,570 7170 1219 366 14,019 2390 50,589 731
5 1905 191 19,050 7970 635 191 7303 2657 26,353 381
4 1188 119 11,880 6860 396 119 4554 2287 16,434 238
3 682 68 6820 6910 227 68 2611 2303 9431 136
2 470 47 4700 5930 156 47 1794 1977 6494 94
1 393 39 3930 5190 131 39 1507 1730 5437 79
20,000
18,000
16,000 /
14,000 /
12,000
=
& 10,000
w
8000
6000
4000
2000
o

0 O~~~
S
1 2 3 4 6 7 8 9 10 11 12
Year
——— Pl ——— P2
MP, —o— MP,
—o— LMP, o— LMP,

FiGure 3: Comparison of data between samples, MCGP, and logistic-MCGP.



Mathematical Problems in Engineering

20,000
18,000
16,000
14,000

12,000

Scale

10,000

8000

6000

4000

2000

—qj’—’“/‘/“

11

J
08 o,
1 2 3 i 5

—o— MP,
—o— MP,

6

0 c/o\o
7 8 9 0 11 12

Year

LMP,
—e— LMP,

FiGUure 4: Comparison of optimized data between MCGP and logistic- MCGP.

condition of population coordination. In Years 1-5, the
optimization value of MP; is zero. However, the input and
output efficiency of P, is higher than that of P; in this period.

P, and MP, do not follow a similar trend: MP, shows
significant variability and the development scale of P, does
not meet the standard set by the MCGP model. P, cannot be
adapted to the market environment in the same way as P;. P,
does not make full use of resources to help the population
develop faster, and this limits the further development of
synergy between P; and P,.

When compared with the original sample data, the
optimization result of the MCGP model shows the following
features: (1) higher total return; (2) fuller use of superior
products in different periods and an optimized product
portfolio that contains superior products.

LMP; is the solution of logistic-MCGP model for the
population scale of PP, (sales of PPy, unit: number). LMP; is
the solution of logistic-MCGP model for the population
scale of PP, (sales of PP,, unit: number). The optimization
results of the logistic-MCGP model are significantly dif-
ferent from the sample data and the optimization results of
the MCGP model. Most of the time, the value of LMP; is
between MP; and P;, and the value of LMP, is significantly
higher than that of MP, and P,. The gap between LMP,; and
LMP, is significantly smaller than the gap between MP1 and
MP, and also significantly smaller than the distance between
P, and P;. The detailed data of the optimization results of the
logistic-MCGP model are shown in Table 4.

As shown in Table 4, there is a significant difference
between the MCGP and logistic-MCGP optimized values.
The total outputs of MCGP and logistic-MCGP in the twelve
years are 1,035,677 (unit: 1000 $) and 1,041,625 (unit: 1000
$). The optimized result of the logistic-MCGP model can
create more profits, and the population optimized scale of

logistic-MCGP is an improvement on MCGP optimization.
The collaboration between two products confirms that the
investment should not just be tilted towards superior
products.

As shown in Figure 4, MP; and LMP; follow a similar
trend, although the graphics of LMP, are smoother. MP, and
LMP, do not follow a similar trend, and the former shows
significant variability. The development scale of MCGP does
meet the standard set by the logistic- MCGP model, which is
the requirement of the coordinated development of het-
erogeneous populations. However, the MCGP model does
not fully utilize resources in a way that helps the population
develop, which limits the further development of synergy
between P; and P,.

A comparison with the MCGP data shows that the
optimization result of the logisticcMCGP model has the
following advantages: (1) it has a higher total return; (2) it
considers the collaborative development between products
and prevents resources being restricted to a certain product;
(3) the optimized product fluctuates less during production
and is more aligned with the needs of production practice.

The logistic-MCGP model can be regarded as a reconcil-
iation and optimization of the sample data and the MCGP
model. There are no extreme values in the optimized data of the
logistic-MCGP model. The optimized data of the logistic-
MCGP model emphasizes the synergy of the two product
populations and weakens the difference in the size of the two
product populations. The logistic-MCGP model is more in line
with the requirements of the actual production system than the
MCGP model. The logistic-MCGP model has lower require-
ments for the flexibility of the production system.

The business ecosystem can organize its own evolution.
Cooperation among multiple populations can promote a
“win-win” situation for everybody. However, in reality,
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negative cases challenge the self-organized evolution of the
innovation ecosystem. This can be attributed to the lack of a
detailed and in-depth analysis of the ecosystem’s mecha-
nisms. The product portfolio is complex, and its operation is
inevitably affected by product interactions. Any discussion
of the problem of product portfolio optimization should
consider if the logistic-MCGP model can effectively deal
with optimization goals such as resource constraints, output
maximization, and product synergy.

5.3. Computational Experience. The superiority of the model
can be tested by the model operation time. Sample data of
each year is formulated as MCGP and logistic-MCGP and
then solved by LINGO on a PC (Dell®) with CPU (Intel®,
Core™, i5-6500) speed of 3.2 GHz. The average relative
performance of MCGP and that of logistic-MCGP, mea-
sured by CPU time, are compared in Table 1.

As shown in Table 1, the two models have no significant
difference in computing time, and both can be solved
quickly.

5.4. Sensitivity Analysis of 31, and ;. Due to space limi-
tations, this article uses the data of the 12th year as an
example to illustrate the sensitivity of §;, and f,;. This paper
analyzes the change range of the model optimization results
from the situation of f;, and f3,; with equal increase, single
increase, and simultaneous reverse change. The greater the
change in the optimization result caused by the change of f3
(B12 or 1) per unit, the stronger the sensitivity of § (8, or
B21) in the model. This paper sets 0.1 < (31, and 85;) <0.5in
the previous logistic-MCGP model. The reason for setting
f<0.5 is to control the altruistic behavior of a certain
product population. The contribution of a certain product
population to the related product population should not be
higher than the contribution to itself. In order to analyze the
sensitivity of 8 (1, and f35;) facilitate, we here set 0 <3< 1.

As shown in Table 5, 8 (B, and f3,;) has significant
sensitivity in the model. When f3;, and f,; change in the
same direction and by the same amount, the model opti-
mization result remains unchanged. The asynchronous
changing of B,, and 3, significantly affects the model op-
timization results. The optimization result changed even
more because of the changing of f3,;. Therefore, 55, is more
sensitive than f3;,. The changing rate of product population 2
(ALMP,) is significantly higher than that of product pop-
ulation 1 (ALMP;). Product population 2 is more sensitive to

B.

5.5. Synergy Evaluation. The paper sought to evaluate the
synergy within the product portfolio by constructing an
entropy evaluation function between products. There is a
contradiction between order and disorder in the manage-
ment system. The entropy value is used to measure the
degree of chaos within the system. When the entropy value is
larger, the system is more chaotic. When an enterprise
business system that lacks equilibrium constantly exchanges
energy, information, and materials with the environment,
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the negative entropy will continue to increase because of the
interaction between various businesses within the enterprise.
The order of management business will also increase, form a
new orderly structure, and generate a new collaborative
process. This paper will use entropy to describe the synergy
measurement of cooperation between products.

When the entropy is larger in a closed system, the co-
operation between products will be worse [26]. Conversely,
when the entropy is smaller, the cooperation will be better
[27]. Entropy has been used to measure the uncertainty of a
partition [28]. Let (U, m) be an approximation space, where
partition 7 consists of blocks U}, 1 <i<k, each of which has
cardinality »;. The information entropy H () of partition 7
is defined by [29]:

k . n. k
H(n) = _Zﬁlogﬁ’ wheren = Zni. (14)

i=1 i=1

Based on the research scenarios, this paper subdivides
entropy into full collaborative entropy and nonfull collab-
orative entropy. The optimal data entropy of the logistic-
MCGP model is full collaborative entropy. The optimized
data entropy of MCGP model and sample data is nonfull
collaborative entropy. The full synergy entropy and nonfull
synergy entropy are defined as follows:

k k
n, n
H =-— ) “og—, h = 0>
£(m) E log—,  wheren i; n

i=1

(15)
Kk K

. on
H =- E —log—, wh
nf () log—, wheren

i=1 i=1

Il
M
E

In order to evaluate the level of synergy, this paper
further proposes the definition of collaborative efficiency R¢:

Hf(ﬂ)

_Hf(n)+an(7r)' (16)

RC:1

The full collaborative entropy, nonfull collaborative
entropy, and collaborative efficiency of sample, MCGP, and
logistic-MCGP are shown in Table 6.

As shown in Table 6, the mean R¢ of sample, MCGP
model, and logistic-MCGP model is 0.16, 0.03, and 0.81. The
collaborative efficiency of MCGP model optimization results
is the lowest. Most of the time, the result of model opti-
mization is in a single product state. This is the main reason
for the low collaborative efficiency. The collaborative effi-
ciency of the sample observations is between model MCGP
and the logistic-MCGP model. Product 1 is the dominant
product in the product portfolio, and it occupies a lot of
resources and creates major revenues. There are fewer
management activities in a dual-product system with
dominant products, and there is a better management order.
The collaborative efficiency of the logistic-MCGP model
optimization results is higher than the collaborative effi-
ciency of the sample observations. In addition, the full
collaborative entropy remains constant. In a product
portfolio system, the entropy-invariant state is better than
the entropy-increasing state.
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TABLE 6: H¢ (1), H,,¢ (1), and R of sample, MCGP, and logistic-MCGP.
f f p g
Model Year 12 11 10 9 8 7 6 5 4 3 2 1 Mean
Hy 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Sample H,r 0.10 0.11 0.11 0.12 0.14 0.24 0.24 0.23 0.23 0.25 0.26 0.27 0.19
Rc 0.09 0.10 0.10 0.11 0.12 0.19 0.19 0.19 0.19 0.20 0.21 0.21 0.16
Hy 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MCGP H,s 0.00 0.11 0.00 0.00 0.00 0.09 0.25 0.00 0.00 0.00 0.00 0.00 0.04
Rc 0.00 0.10 0.00 0.00 0.00 0.08 0.20 0.00 0.00 0.00 0.00 0.00 0.03
Hp 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24
L-MCGP H,f 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
R¢ 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81
Stage 1 Stage 2 Stage 3
Product population growth dynamic Multiobjective coordination Model evaluation
Population | Population Logistic Two Logistic-MCGP Parameter
size growth model populations model . sensitivity analysis
Input-output Multi MCGP Linear Optimization Population synergy Y
perspective objective method optimization Results analysis

FIGURE 5: Three-stage combination method for product portfolio design.

6. Discussion

Population dynamics methods are widely used in product
portfolio management. Population dynamics only focuses
on the evolution of product scale under resource constraints,
and it is difficult to analyze more characteristics of the
product portfolio. The MCGP model is also widely used in
product decision-making. It is difficult for the MCGP model
to reflect the collaborative development requirements be-
tween products. Studies that combine the two are relatively
rare. The use of the two methods in isolation is not con-
ducive to the collaborative optimization decision-making of
the product portfolio, nor is it suitable for real production
systems. Therefore, this article provides a three-stage
combination method (Figure 5) to make up for the short-
comings of current research.

As shown in Figure 5, a three-stage combination method
for product portfolio design was provided by this paper.
When actually applying the method constructed in this
article, we must first clarify the input-output characteristics
of the product mix, be able to construct accurate product
input-output equations and their parameters, construct the
MCGP model based on the input-output equation, and
embed the equilibrium conditions of the population dy-
namics into the MCGP model to form a multiobjective
optimization model (logistic-MCGP model) considering the
requirements of coordination. Finally, the optimization
results of the model are evaluated through parameter sen-
sitivity analysis and optimization value synergy analysis.

7. Conclusion

This paper combined the population dynamic model (logistic
model) with the MCGP model to build an analytical path that
takes input and output perspectives into account. This paper
used optimization values to evaluate population size suitability,
which made the evaluation more operable. The results show

that combining the two models improves the evaluation of the
scale suitability of PPs. In the enterprise product ecosystem,
multiple related populations affect each other and there are also
interactive behaviors in the PPs. This kind of mutually influ-
ential behavior can take the form of coordination or compe-
tition. The total resource variable is set in the model, which fully
reflects the resource constraint mechanism. The ecosystem can
carry out self-organized evolution, and cooperation among or
within populations can promote a “win-win” situation.
However, in reality, the existence of negative cases challenges
the self-organized evolution of the product ecosystem. This is
due to a lack of detailed and in-depth analysis of the product
ecosystem’s mechanisms. This ecosystem is complex, and its
operation is inevitably affected by product interactions. The
model fully considers the impact of resource constraints on
different PPs and then assesses how this might affect the di-
rection of ecosystem evolution.

The innovation subject should, in engaging with man-
agement practice, view the innovation activity through an
ecosystem lens. When managers make product policies, they
should acknowledge the objective process of product de-
velopment. The enterprise should not blindly encourage the
scale expansion of products. In many cases, the enterprise
only considers the scale of the PPs but ignores its devel-
opment structure, and this restricts the product ecosystem’s
input-output efliciency. Enterprises from across different
levels can draw on this paper and formulate policies that will
guide the appropriate development of PPs scale. Enterprises,
meanwhile, can use its research methods to analyze the
competitive situation of different products. Enterprises can
adjust their product development strategy and resource
allocation by drawing on the results of the competitive
situation analysis. The paper used the logistic model of
population dynamics and the MCGP method to study the
appropriate population scale and structure. In the future,
special models and research methods should be developed to
study the optimal development scale of PPs. Current
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research does not consider the different life cycles of PPs.
The demands for PP resources are changing in the whole life
cycle. Future studies should consider the characteristics of
the population life cycle and incorporate life cycle factors
into their analytical models.
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