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System evolution prediction is critical for designers to make R&D and

outsourcing decisions. Many descriptive models are used for this purpose, but

they have several limitations. In this paper, we extend the LotkaeVolterra

equations as an ecosystem model to predict the performances of the system and

its components. This model comprises a set of differential equations that

describe symbiosis, commensalism, and amensalism relationships between a

system and multiple components. We associate every parameter in the model

with its causal factors, develop a three-step application of the model, and

illustrate the application through a case study on passenger airplane fuel

efficiency. Our model identifies the key components in a system. The identified

components help designers generate strategies to boost system performance.
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T
he majority of engineering design can be viewed as system design

rather than the design of a single part or product. A system consists

of several tangible or intangible components (Dahmus, Gonzalez-

Zugasti, & Otto, 2001). For example, a laptop is a system that contains a

hard disk drive (tangible component) and an operating system (intangible

component). At the beginning of product development planning, designers

develop a performance evolution curve for the system and each of the com-

ponents. Designers use this performance evolution curve to predict the future

performances of the system and its components (Betz, 1993; Lee &

Nakicenovic, 1988; Otto & Wood, 2001).

The performance evolution curve describes how the system or the component

performance changes over time. Performance is a technical outcome that indi-

cates the evolution of the relevant system or the component. For example, the

evolution of hard disk drives could be depicted by improvements in their areal

density (Gb/in2) over time (Marchon, Pitchford, Hsia, & Gangopadhyay,
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2013). Designers predict when the performance reaches an upper limit and es-

timate the remaining life of the relevant system or the component. This anal-

ysis is called system evolution prediction or technology evolution prediction

(Farmer & Lafond, 2016; Lee & Nakicenovic, 1988). System evolution predic-

tion is critical for designers to make research and development (R&D) and

outsourcing decisions. Typically, designers consider outsourcing a mature

component (or even the whole mature system) rather than spending their

limited R&D budget on it (Otto &Wood, 2001). On the contrary, if the system

is in its fast development phase (Betz, 1993), designers try various means (e.g.,

R&D investment, organizational change) to improve system performance so

that they can better compete with other players in the market.

Researchers have developed many descriptive models for system evolution

prediction, such as Moore’s Law, the logistic S-curve model, the Gompertz

model, and the Weibull model (Meade & Islam, 1998). The logistic S-curve

model is a representative descriptive model in system evolution prediction

(Betz, 1993; Modis, 2014; Otto & Wood, 2001), where the system or the

component performance evolution is modeled as a standard S-curve. The pa-

rameters in the model are estimated based on past performance data. Future

system or component performance is predicted by mathematical extrapola-

tion. The logistic S-curve model is represented by the following mathematical

expression

yi ¼ L

1þ e�ðgþhtÞ; ð1Þ

where yi is the system or component performance of interest, t is time, L is the

upper limit of system or component performance, and g and h are parameters

derived from data fitting.

Despite some successful applications, these descriptive models suffer from

several drawbacks. First, these descriptive models do not fit product perfor-

mance evolution data well in many cases (D’Avino, 2008; Meade & Islam,

1998). Second, the parameters (e.g., g and h in Eq. (1)) in these descriptive

models cannot be associated with performance causal factors such as R&D in-

vestment. Thus, these descriptive models provide little insight for designers to

improve the system performance. Third, these descriptive models do not

consider the interaction between the component and the system, which may

lead to significant prediction error (Zhang, McAdams, Shankar, & Darani,

2017, 2018). These descriptive models cannot identify the key components in

a system and are also not able to evaluate the impact of component evolution

on system performance.

We extend the LotkaeVolterra equations from community ecology to an

ecosystem model for system evolution prediction. To our knowledge, there
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has not been any successful application of the LotkaeVolterra equations in

system evolution prediction to model the interactions between a system and

multiple components. The LotkaeVolterra ecosystem model has several ad-

vantages compared with the descriptive models. First, the LotkaeVolterra

ecosystem model comprises a set of differential equations that allow for

improved data fitting accuracy. Moreover, the ecosystem model considers

the interactions between a system and multiple components. The interactions

between the components are neglected in the ecosystemmodel. In addition, the

parameters in the ecosystem model are associated with causal factors of per-

formance variation. Thus, the LotkaeVolterra ecosystem model is able to

help designers identify the key components that have a significant impact on

system performance evolution. The identified key components also provide de-

signers effective strategies to improve system performance.

This paper begins with a short review of interaction modes (between two spe-

cies in community ecology and their analogies in engineered systems) and the

LotkaeVolterra equations in Section 1. We demonstrate the LotkaeVolterra

ecosystem model as an advanced system evolution prediction model through

the mathematical analysis in Section 2. In Section 3, we discuss the numerical

methods for solving the LotkaeVolterra equations. We develop three steps for

designers to apply the LotkaeVolterra ecosystem model in system evolution

prediction in Section 4. In Section 5, we illustrate the application of the model

using data on passenger airplane fuel efficiency. The system (passenger

airplane fuel efficiency) interacts with three components (aerodynamics,

weight reduction, and aero-engine fuel efficiency) in this case study. We

conclude with a brief discussion of our contribution and outline future

research directions.
1 Background and related work
The descriptive models do not take the interaction between a system and its

components into account as stated earlier. To overcome this shortcoming,

we seek inspiration in ecology. This section provides the interaction modes be-

tween two species in community ecology and their analogies in engineered sys-

tems. We also provide background on the LotkaeVolterra equations and

extend the equations as a LotkaeVolterra ecosystem model in system evolu-

tion prediction.
1.1 Interaction modes between the components and the
system
The interaction between the components and the system critically determines

the evolution of a system. For example, the fast development of the computer

relies on the performance improvement of the central processing unit (CPU);

the evolution of electric automobile depends on the advancement of battery

performance. To capture the evolution of system performance, we employ
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Table 1 Interaction modes bet

Mode of interaction

Neutralism
Predation
(and Parasitism)
Competition

Symbiosis
(include Protocooperation
and Mutualism)
Commensalism
Amensalism
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concepts from community ecology to study the interaction modes between the

component and the system. There are six different interaction modes between

two species in an ecosystem (Odum & Barrett, 2005). The six interaction

modes are shown on Table 1.

In Table 1, “0” indicates no significant interaction; “þ” indicates growth, sur-

vival, or other population attribute benefited; and “�” indicates a reduction of

species population or other attribute inhibited. Among the six interaction

modes, symbiosis, commensalism, and amensalism are appropriate to describe

the interaction between a system and a component (Zhang et al., 2017).

Symbiosis describes two species that benefit each other in community ecology.

For example, a clownfish and a sea anemone establish a symbiotic relation-

ship. The clownfish feeds on small invertebrates that harm the sea anemone,

and the sea anemone protects the clownfish from its predator (Miller, 2015).

Such a symbiotic relationship is also common in engineered systems because

a system is often supported by one or more components. For example, the

areal density of hard disk drives (HDD) has increased from 10�3 Gb/in2 to

103 Gb/in2 over a forty-year period (Re, 2015). The improvement in HDD per-

formance supported the boom of the computer. At the same time, the fast

development of the computer also demands that the HDD has larger areal

density. Thus, the interaction is favorable to both the system and its

component(s).

Commensalism is a one-way relationship between two species. In Table 1, Spe-

cies 1 has a beneficial effect on Species 2, but Species 1 is not affected by Species

2. A well-known example of commensalism is the relationship between remora

and sharks. A remora adheres to the body of a shark and feeds on the leftovers

of the shark’s meal, but a shark is neither benefited nor harmed by a remora

(Norman, 2007). In engineered systems, commensalism could be observed

when one component serves a diverse set of systems. One system has a
ween two species in an ecosystem

Species 1 Species 2 General nature of interaction

0 0 Neither species affects the other
� þ Species 2 (predator) is benefited,

Species 1 (prey) is inhibited
� � Direct or indirect inhibition of each

species by the other
þ þ Interaction is favorable to both species

0 þ Species 2 is benefited, Species 1 is unaffected
0 � Species 2 is inhibited, Species 1 is unaffected
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negligible impact on the evolution of the component. For example, steel is an

essential component of bridges. Improved steel properties lead to better bridge

performance, but the evolution of bridges has negligible impact on steel

improvement because steel is also used in many other systems, such as auto-

mobiles and spacecraft.

Similar to commensalism, amensalism is also a one-way relationship between

two species in community ecology. Unlike commensalism, Species 1 has a

detrimental effect on Species 2 if they have an amensalism relationship. A

typical example of amensalism in ecology is the relationship between a short

tree and a tall tree. The short tree lives in the shadow of the tall tree. The short

tree suffers adverse effects from the tall tree but has little impact on the tall tree.

It is possible for a component and a system to also exhibit an amensalism rela-

tionship. For example, while technological development has resulted in more

compact CPUs, the development has also induced more unwanted heat in the

CPU. In this way, the thermal dissipation performance of a laptop system is

impaired by the fast development of the CPU component.Meanwhile, the evo-

lution of the CPU is not affected by the laptop because the CPU is also utilized

in other systems (e.g., desktops and workstations). Of note, the relationship

between a system and its component depends on the performance metric of in-

terest. For instance, the relationship between a laptop system and its CPU

component may vary if we focus on a different performance metric. We do

not discuss the relationship of amensalism from Section 2 because symbiosis

and commensalism are the most common relationships between a system

and its components.
1.2 LotkaeVolterra equations
The LotkaeVolterra equations were introduced by Vito Volterra in the early

20th century to model the population changes of sharks and fishes in the Adri-

atic Sea. In the beginning, the model only described the predation relationship

between two species (one predator and one prey). Since then, these equations

have been expanded to model other relationships (e.g., competition) between

two species and have been successfully applied in demography and ecology

during the last century (Pielou, 1969; Porter, Roper, Mason, Rossini, &

Banks, 1991).

Pistorius and Utterback modified the traditional LotkaeVolterra equations in

ecology to study the interaction between two technologies (C.W. I. Pistorius &

Utterback, 1997). Their model has the form as follows

dN

dt
¼ anN� bnN

2 þCnmNM ð2Þ
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dM

dt
¼ amM� bmM

2 þCmnMN; ð3Þ

where N(t) and M(t) denote the performances of two technologies. The de-

rivatives dN/dt and dM/dt represent the performance change rates of the two

technologies respectively. Parameters a (an and am), b (bn and bm), and C (Cnm

and Cmn) are constants derived through a data fitting process. Zhang et al.

(2017) discussed the commensalism and amensalism relationships between

two technologies and derived the analytic solutions of Eqs. (2) and (3) in

those two relationships (Cmn ¼ 0). However, the symbiotic relationships be-

tween multiple technologies have not been discussed.

We extend Eqs. (2) and (3) to model the interaction between one system and

multiple components in the relationships of symbiosis, commensalism and

amensalism. We develop the LotkaeVolterra ecosystem model as

dy0
dt

¼ a0y0 � b0y
2
0 þ

Xn

i¼1

C0iy0yi ð4Þ

dy1
dt

¼ a1y1 � b1y
2
1 þC10y1y0 ð5Þ

dyj
dt

¼ ajyj � bjy
2
j þCj0yjy0 ð6Þ

dyn
dt

¼ anyn � bny
2
n þCn0yny0 ð7Þ

Eqs. (4)e(7) represent (n þ 1) equations that model the interaction between

one system and n components, where i, j and n are positive integers with i˛
{1,., n}, j˛{1,., n}; y0 is system performance, yi and yj are component per-

formances; a0, aj, b0, bj,C0i, andCj0 are constant parameters derived through a

data fitting process.

Unlike the descriptive models, the parameters a (i.e., a0, aj, an), b (i.e., b0, bj,

bn), andC (i.e.,C0i,Cj0) in the LotkaeVolterra ecosystemmodel are associated

with causal factors in both community ecology and system evolution predic-

tion (C. W. I. Pistorius, 1994; Zhang et al., 2018).

Parameter a represents unlimited growth rate in community ecology. The un-

limited growth originates from the breeding instinct of species. In system evo-

lution prediction, the parameter a indicates the system or component

performance independent growth rate. The independent growth rate depends

on R&D investment, government policy encouragement, and other stimula-

tion factors. For example, the parameter a0 in Eq. (4) will have a higher value

if designers invest more in the R&D of the system. Generally, the parameter a
Design Studies Vol 60 No. C January 2019
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has a positive value because designers want to improve the system and the

component performances. In rare cases, the parameter a may have a negative

value (e.g., due to government regulation restrictions).

Parameter b describes the self-crowding effect of a species in an ecological sys-

tem. The negative effect arises from shortage of resources, such as food or wa-

ter. In system evolution prediction, the parameter b represents technical

difficulty, which is the hardship that a component or a system has to overcome

for its performance improvement. The value of parameter b sets the upper

limit value of system or component performance. For example, the system per-

formance y0 will be bounded by a lower upper limit value if the parameter b0
has a higher value in Eq. (4), which is shown in Section 2.2. Because there is a

negative sign in front of the b terms (e.g., b0y0
2 in Eq. (4)) in the

LotkaeVolterra ecosystem model, the parameter b has a positive value.

Parameter C denotes the beneficial or detrimental effect from other species in

community ecology. Similarly, the parameter C describes the interaction be-

tween the system and the component in system evolution prediction. The

parameter C could be positive or negative based on the relationship between

the system and the component.

We take the interaction between system performance y0 and component per-

formance y1 as an example. The parameter C01 in Eq. (4) represents the impact

of the component on the system; the parameter C10 in Eq. (5) represents the

impact of the system on the component. The values of parameters C01 and

C10 are not equal in a general case. If the system and the component have a

symbiotic relationship, the parameters C01 and C10 are positive. The positive

C01 and C10 show that the system and the component have beneficial effects

on each other. If the system and the component have a commensalism rela-

tionship, the parameter C01 is positive and the parameter C10 equals zero.

The positive C01 and null C10 indicate that the component has a beneficial ef-

fect on the system, but the system has a negligible effect on the component.

Similarly, if the system and the component have an amensalism relationship,

the parameter C01 is negative and the parameter C10 equals zero. The negative

C01 and null C10 indicate that the component has a detrimental effect on the

system, but the system has negligible effect on the component. The sign of

C01 and C10 under different component and system interaction modes are

shown in Table 2.

We neglect the interaction between components in Eqs. (4)e(7). Specifically,

we do not include the term C12y2y1 in Eq. (5) to consider the impact of the

component performance y2 on the component performance y1. This simplifica-

tion is valid in many real cases. For example, the touch screen and the CPU are

two major components of a smartphone system. These two components have

significant impacts on smartphone system performance. However, the
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Table 2 The signs of parameter C01 and C10 under different interaction modes

Mode of interaction Symbiosis Commensalism Amensalism

C01 þ þ e
C10 þ 0 0

110
interaction between the touch screen and the CPU is negligible because the

performance evolutions of these two components are independent. The inter-

action between the components may be prominent in some cases. In the laptop

system example, the advancement of the HDD (hardware) may facilitate the

improvement of the operating system (software). Such cases are beyond the

scope of this paper but provide an interesting and likely important avenue

for future research.
2 Mathematical analysis of the LotkaeVolterra
ecosystem model and implications for designers
This section presents the functional equivalence and equilibrium point analysis

of the LotkaeVolterra ecosystem model. These analyses demonstrate that the

LotkaeVolterra ecosystem model can be used as an advanced model in system

evolution prediction. The analysis also provides important implications for

designers.
2.1 Simplification of the LotkaeVolterra ecosystem model
The extended LotkaeVolterra equations (Eqs. (4)e(7)) are coupled differen-

tial equations in the general case of symbiosis. The analytic solution of this sys-

tem of equations is not available. We discuss numerical methods for solving

the extended LotkaeVolterra equations in Section 3.

If all the components have either a commensalism or an amensalism relation-

ship with the system, the interaction terms (e.g., C10y1y0 in Eq. (5)) in the

ecosystem model for components are negligible. We could decouple Eqs.

(4)e(7) in this case and derive the general solution of Eq. (4) as

y0 ¼ e

Z
ða0þPn

i¼1
C0iyiÞdt

Z
b0e

Z
ða0þPn

i¼1
C0iyiÞdt

dtþD

; ð8Þ
where y0 is system performance, and D is an integral constant. Eq. (8) covers

several curve shapes under different component performance functions yi (t)

(Zhang et al., 2017).
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In addition, we could reduce Eq. (4) if the interaction between the system and

the component is negligible. The parameter C0i in Eq. (4) equals zero in this

case, and Eq. (4) reduces to

dy0
dt

¼ a0y0 � b0y
2
0 ð9Þ

The solution of Eq. (9) has the form

y0 ¼ A
b0
a0
þBe�a0t

; ð10Þ

where A and B are integral constants. We obtain the logistic S-curve model as

Eq. (1) from Eq. (10) when b0 equals a0.

If we neglect the technical difficulty term b0y0
2 in Eq. (9), the LotkaeVolterra

ecosystem model is further reduced to

dy0
dt

¼ a0y0 ð11Þ

The solution of Eq. (11) is

y0 ¼Dea0t; ð12Þ

where D is an integral constant. Eq. (12) models system performance evolu-

tion as an exponential function, which is also known as Moore’s Law.

Moore’s Law is a special case of the logistic S-curve model. It was proposed

by Gordon E. Moore in 1965 and is widely used in the semiconductor indus-

try (Schaller, 1997).

The simplification from Eq. (8) to Eq. (12) shows that the LotkaeVolterra

ecosystem model could be reduced to the logistic S-curve model and Moore’s

Law. The ecosystemmodel also covers Gompertz, Bass, Non-Symmetrical Re-

sponding Logistic (NSRL) and Sharif-Kabir models (Morris & Pratt, 2003).

Thus, the LotkaeVolterra ecosystem model has a greater data fitting accuracy

than the logistic S-curve model and the aforementioned models.

2.2 Equilibrium point analysis of the LotkaeVolterra
ecosystem model
In community ecology, the population change rate of a species equals zero at

the equilibrium point. If an equilibrium point exists on the first quadrant of the

phase diagram of the traditional LotkaeVolterra equations, it signifies that

the population of the species reaches an upper limit value as an asymptote

(Bazykin, 1998). Similarly, the equilibrium point analysis of the

LotkaeVolterra ecosystem model could help designers determine whether
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system or component performance reaches an upper limit as it evolves. The

mathematical expression of the upper limit value also offers guidelines for de-

signers on improving system performance.

We first consider the simple case where one system interacts with one compo-

nent (C. W. I. Pistorius, 1994). The LotkaeVolterra ecosystem model has the

form

dy0
dt

¼ a0y0 � b0y0
2 þC01y0y1 ð13Þ

dy1
dt

¼ a1y1 � b1y1
2 þC10y1y0; ð14Þ

where y0 is the system performance, and y1 is the component performance.

We define the equilibrium points of Eqs. (13) and (14) as

dy0
dt

¼ a0y0 � b0y0
2 þC01y0y1 ¼ 0 ð15Þ

dy1
dt

¼ a1y1 � b1y
2
1 þC10y1y0 ¼ 0 ð16Þ

The system and the component performance change rates equal zero at the

equilibrium points.

There are four equilibrium points in this case. The first point is at the origin

of the performance phase diagram where both y0 and y1 equal zero. The sec-

ond and third equilibrium points have the coordinates (0, a1/b1) and (a0/b0,

0). These three equilibrium points have little implication for system evolution

prediction because system or component performance always has a positive

value. Solving Eqs. (15) and (16), the coordinates of the fourth equilibrium

point are

y
ðeÞ
0 ¼ a0b1 þ a1C01

b0b1 �C01C10

ð17Þ

y
ðeÞ
1 ¼ a1b0 þ a0C10

b0b1 �C01C10

ð18Þ

The parameters a and b have positive values in general as discussed in Sec-

tion 1.2. We only consider the case that parameter C has positive value

because symbiosis and commensalism are the most common relationships

between a system and a component (Zhang et al., 2017). We do not discuss

the rare case that parameter C has a negative value in this section as it is

outside the scope of this paper. Thus, the fourth equilibrium point is located
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in the first quadrant (b0b1 > C01C10 and y0
(e) > 0, y1

(e) > 0) or in the third

quadrant (b0b1 < C01C10 and y0
(e) < 0, y1

(e) < 0) of the performance phase

diagram.

The performance phase diagram for b0b1 > C01C10 is shown in Figure 1. The

equilibrium point is located in the first quadrant (y0
(e) > 0, y1

(e) > 0). The

initial values of system performance y0 and component performance y1 could

be located in the four areas in Figure 1. The performance change rates dy0/dt

and dy1/dt in the four areas have

Area ðaÞ dy0
dt

> 0;
dy1
dt

> 0 ð19Þ

Area ðbÞ dy0
dt

< 0;
dy1
dt

> 0 ð20Þ

Area ðcÞ dy0
dt

< 0;
dy1
dt

< 0 ð21Þ

Area ðdÞ dy0
dt

> 0;
dy1
dt

< 0: ð22Þ

In this case, the system performance y0 and the component performance y1
converge to corresponding upper limit values no matter where the initial

values of y0 and y1 are located in area (a), (b), (c), or (d). The typical evolution

curves of component performance and system performance in each of the four

areas are illustrated in Figure 2. These curves are derived using the numerical

method recommended in Section 3.

The performance of a component or a system has a positive value and contin-

ually increases during its evolution. Thus, only the curves in area (a) have clear

interpretation in system evolution prediction because the curves in areas (b),

(c), and (d) have decreasing periods. In area (a), the system performance evo-

lution accelerates significantly when the component is under a certain stage of

development, and both the system and the component performances converge

to their respective upper limit values along S-shape curves. The upper limit

values are the corresponding equilibrium point coordinates on the perfor-

mance phase diagram (Figure 1). Although the curves in areas (b), (c), and

(d) do not have clear interpretation in system evolution prediction, they are

appropriate to describe product or firm interaction, where the performance

metrics are sales revenue or market share. These metrics may increase or

decrease with time rather than monotonically increasing (Lilien, Kotler, &

Moorthy, 1992).

Similarly, the performance phase diagram for b0b1 < C01C10 is shown in

Figure 3. The equilibrium point is located in the third quadrant (y0
(e) < 0,
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Figure 1 Performance phase diagram when b0b1 > C01C10

114
y1
(e) < 0). The initial values of the system performance y0 and the component

performance y1 could be located in the three areas in Figure 3. The perfor-

mance change rates dy0/dt and dy1/dt in the three areas have

Area ðeÞ dy0
dt

< 0;
dy1
dt

> 0 ð23Þ

Area ðfÞ dy0
dt

> 0;
dy1
dt

> 0 ð24Þ

Area ðgÞ dy0
dt

> 0;
dy1
dt

< 0 : ð25Þ

The system performance y0 and the component performance y1 have no upper

limit values in this case. The typical evolution curves of the component perfor-

mance and the system performance in areas (e), (f), and (g) are illustrated in

Figure 4.
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Figure 2 Typical performance evolution curves when b0b1 > C01C10

System evolution predict
The curves in area (f) have clear interpretation in system evolution prediction

where the beneficial impact from the component on the system (C01 term in

Eq. (13)) prevail over that from technical difficulty (b0 term in Eq. (13)).

Thus, both system and component performances keep growing without upper

limits. The curves in areas (e) and (g) do not have clear interpretations in sys-

tem evolution prediction, but they can potentially be applied in product or

firm interaction as stated earlier.

As shown in Figures 2 and 4, the LotkaeVolterra ecosystem model has the

ability to model component or system performance evolution regardless of

whether the performance has an assumed upper limit. Such a model is useful
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Figure 3 Performance phase diagram when b0b1 < C01C10

116
when the component or the system is sufficiently new, making mature perfor-

mance estimation uncertain.

We can extend the equilibrium point analysis to the general case in which one

system interacts with n components. In this case, the LotkaeVolterra

ecosystem model has the same form as Eqs. (4)e(7). Using the same approach

as reflected by Eqs. (15) and (16), the coordinates of the equilibrium point in

the general case are

y
ðeÞ
0 ¼ a0 þ

Pn
i¼1

ai
bi
C0i

b0 �
Pn

i¼1
Ci0C0i

bi

ð26Þ

y
ðeÞ
j ¼ aj

bj
,
b0 þ a0Cj0

aj
þPn

i¼1

�
Cj0

aj
� Ci0

ai

�
ai
bi
C0i

b0 �
Pn

i¼1
Ci0C0i

bi

: ð27Þ
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Figure 4 Typical performance evolution curves when b0b1 < C01C10

System evolution predict
Eqs. (26) and (27) reduce to Eqs. (17) and (18) if j¼ n¼ 1. Similar to the simple

case (one system interacting with one component), the system and n compo-

nent performances do not have upper limits when the denominator of Eq.

(26) has a negative value. In contrast, the performances converge to the upper

limit values along S-shape curves when the denominator of Eq. (26) has a pos-

itive value. The corresponding upper limit values are determined by Eqs. (26)

and (27).
2.3 Implications for designers
The analysis in earlier sections offers important implications for designers. It

helps designers to identify key components in a system and also provides

guidelines to improve system performance.
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In the LotkaeVolterra ecosystem model, the parameter C describes the inter-

action between the system and the component in system evolution prediction.

A larger value of parameter C indicates a higher dependency level between the

component and the system. Specifically, in Eq. (4), a higher positive value of

parameter C0i indicates greater significance of component i performance to

the system performance evolution. From the perspective of system design, de-

signers could identify the components with the highest C0i values as the key

features of the system. For these key components, designers may wish to

develop and manufacture the key components in-house. This strategy pre-

serves the core competency of the firm. If in house development or manufac-

ture is not feasible, the firm might consider acquiring the component

manufacturer or at least establish a more synergistic relationship with the

manufacturer through joint R&D or exclusive supply. For the components

with the smallest C0i values, however, designers may consider outsourcing

these components. Such outsourcing strategies could reduce costs for the

firm and make its product more price competitive.

The identification of key components is crucial for new system development.

For example, electric automobile designers cannot develop every component

(e.g., battery, motor, steering) of the automobile in-house. They likely would

want to invest their limited R&D budget on designing the components that

have significant impacts on electric automobile (system) performance. De-

signers would like to purchase the components having relatively little impact

on the electric automobile (system) performance from suppliers. Of note, de-

signers typically make these decisions based on experience or qualitative anal-

ysis (Mangram, 2012). Our LotkaeVolterra ecosystem model allows designers

to quantify the significance of each component through the value of parameter

C0i and make more informed R&D and outsourcing decisions.

Moreover, the LotkaeVolterra ecosystemmodel not only measures the depen-

dency between component and system, but also offers several strategies for de-

signers to improve the performance of an existing system. As discussed in

Section 1.2, the parameter a in the LotkaeVolterra ecosystem model denotes

the independent growth rate, the parameter b represents the degree of technical

difficulty, and the parameter C indicates the dependency level between the

component and the system. The values of b and C are fixed once designers

decide to integrate a system using n specific components. It might be hard

for designers to change the values of b and C after integration. However,

the value of parameter a is associated with the stimulation factors such as

R&D investment and government policy encouragement. Designers have the

chance to manipulate the value of parameter a to boost system performance.

In practice, two accessible strategies exist for designers to boost system perfor-

mance. The first strategy is to increase a0 in Eq. (4) through the investment on

the system to create superior integration of components (Wilson, 1980). The
Design Studies Vol 60 No. C January 2019



System evolution predict
other strategy is to subsidize component j or otherwise improve the indepen-

dent growth rate aj in Eq. (6). Eq. (26) specifies the upper limit value of system

performance. By comparing the value of a0 and ajC0j/bj, designers can make an

informed decision on investing system or component j. Here we use a0 and

ajC0j/bj as indicators to evaluate the effects of different strategies (investment

on the system or the component j) regardless of whether the system perfor-

mance y0 has an upper limit or not. Specifically, if a0 >> ajC0j/bj, the invest-

ment on the system is more effective to improve system performance than

investment on the component j; by the same token, investment on the compo-

nent j is preferable if a0 << ajC0j/bj.

In some cases, it may be expensive to adopt either of the two proposed strate-

gies when system performance or component performance approaches its up-

per limit. In this case, large amounts of R&D investment can only lead to small

improvements on the a0 or aj value. In such a case, designers have to consider

innovative strategies. One alternative could be to adopt a new technology in

component design (Henderson & Clark, 1990), which can decrease the value

of bj in Eq. (6) and may also change the value of Cj0 in Eq. (6) at the same

time. Designers could also substitute one or more new components for old

components in their system. This strategy alters the parameters aj, bj, Cj0

and C0i in Eqs. (4) and (6). As the result of these two innovative strategies,

the denominator of Eqs. (26) and (27) may change its value from positive to

negative. The component or system performance will start a new growth

period due to this change. Several real cases validate the effectiveness of these

innovative strategies. For instance, the traditional keyboard mobile phones

approached a performance upper limit around 2005. Manufacturers such as

LG, Samsung and Apple used a capacitive touch screen (a new component)

to displace keyboard (an old component) on mobile phones (Erickson,

2012), which greatly improved the customer experience and spawned a new

era in the industry.
3 Numerical methods for solving the LotkaeVolterra
equations
Solving the differential equations given by Eqs. (4)e(7) is necessary to apply

the LotkaeVolterra ecosystem model in system evolution prediction. Unfor-

tunately, the analytic solution of the LotkaeVolterra equations is not avail-

able for the general case. Thus, numerical methods must be implemented to

solve the equations. Employing an appropriate numerical method is crucial

to apply the LotkaeVolterra equations in system evolution prediction, since

numerical instability previously hamstrung the progress of research in this

area.

The finite difference scheme developed by mathematical ecologists to solve

Eqs. (2) and (3) has the following form (Leslie, 1958; Pielou, 1969)
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Nðtþ hÞ ¼ lhNNðtÞ
1þ cN

�
lhN � 1

�
NðtÞ þ c’N

�
lhN � 1

�
MðtÞ ð28Þ

Mðtþ hÞ ¼ lhMMðtÞ
1þ cM

�
lhN � 1

�
MðtÞ þ c’M

�
lhN � 1

�
NðtÞ; ð29Þ

where t is time, h is step length, and

lN ¼ ean ð30Þ

cN ¼ bn
an

ð31Þ

c0N ¼�Cnm

an
ð32Þ

lM ¼ eam ð33Þ

cM ¼ bm
am

ð34Þ

c0M ¼�Cmn

am
: ð35Þ

This difference scheme is developed to model the competition between two spe-

cies in an ecological community where the parameters Cmn and Cnm have nega-

tive values.

Pistorius and Utterback studied competitive, symbiotic and predator-prey

relationship between two technologies using Eqs. (2) and (3) (C. W. I.

Pistorius, 1994; Carl W. I. Pistorius & Utterback, 1995; C. W. I. Pistorius &

Utterback, 1996). They simplified Pielou’s approach (Eqs. (28)e(35)) by

setting h ¼ 1 to solve the LotkaeVolterra equations. The numerical solution

showed oscillations in the mature phase of an S-shape curve when two technol-

ogies have symbiotic relationships, where Cmn and Cnm have positive values.

Pistorius and Utterback termed the oscillatory pattern as a chaos-like state.

They postulated that this state represents the nature of a symbiotic interaction

between two technologies. Such oscillatory pattern and its interpretation pre-

vented the research stream from moving forward.

One example given by the researchers (C. W. I. Pistorius, 1994; C. W. I.

Pistorius & Utterback, 1996) is as follows

dN

dt
¼ 0:1N� 0:01N2 þ 0:0157NM ð36Þ
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dM

dt
¼ 0:15M� 0:01M2 þ 0:005MN ð37Þ

Nðt¼ 0Þ ¼ 0:01 ð38Þ

Mðt¼ 0Þ ¼ 0:01 ð39Þ

The solid line in Figure 5 shows the numerical solution of Eqs. (36)e(39) for

step length h ¼ 1. The result has oscillation around t ¼ 250.

However, the oscillation is not present if we use smaller step length. The

dashed line in Figure 5 illustrates our result with the same numerical approach

(Eqs. (28) and (29)) for step length h ¼ 0.1. The performances N(t) and M(t)

converge to upper limit values when t/N, and the chaos-like state vanishes.

Similarly, the oscillatory pattern also does not appear in other cases (C. W. I.

Pistorius, 1994) if we use smaller step length.

Of note, the difference scheme illustrated by Eqs. (28)e(35) is a first order one-

step method for solving ordinary differential equations. Researchers has

proved that the one-step method solution converge to exact solution when

step length h/0 (Henrici, 1962). When the step length h is too large, the

convergence problem results in an oscillatory pattern. Researchers need to

choose appropriate step length when they use the one-step numerical approach

to solve the LotkaeVolterra equations. In addition, the approach is a first or-

der difference scheme. The truncation error of the approach is O (h2). We

recommend high order Runge-Kutta methods such as Dormand-Prince

method (Dormand & Prince, 1980) to improve efficiency and accuracy for

solving the LotkaeVolterra equations. The mathematical theories of these

methods are well established (Lapidus & Seinfeld, 1971). We can apply the

Runge-Kutta methods to solve Eqs. (4)e(7) without convergence concern.

4 Application of the LotkaeVolterra ecosystem model
for system evolution prediction
The previous sections demonstrate the LotkaeVolterra ecosystemmodel as an

advanced model in system evolution prediction. The ecosystem model covers a

variety of mathematical functions and thus has improved data fitting accuracy.

The LotkaeVolterra ecosystem model also considers the interaction between

the system and its components through the interaction C terms in the

ecosystem model. Moreover, we associate the parameters a, b, C in the

LotkaeVolterra ecosystem model with their respective causal factors (e.g.,

R&D investment and government policy change), which offers guidelines for

designers to identify the key components in a system and develop strategies

to improve system performance. In addition, we also discuss the numerical

methods to solve the LotkaeVolterra equations. We identify the cause of nu-

merical instability that hamstrung the progress of research in this area and
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thus reinforce the reasonableness of the ecosystem model for system evolution

understanding.

In this section, we develop three steps to apply the LotkaeVolterra ecosystem

model in system evolution prediction. Designers could follow these steps to

make system and component performance predictions. Through this

approach, designers could also evaluate different strategies to improve future

system performance.
4.1 Component selection and data collection
The definition of the system and its components is crucial for the successful

application of the LotkaeVolterra ecosystem model. Designers first define

the system performance of interest. A system often has more than one perfor-

mance metric (Ince, 1984; Naim & Lewis, 2017). Designers should determine

one specific performance metric they want to predict and list all the compo-

nents that may impact this system performance. The components can include

tangible hardware and intangible software.

To avoid omitting any component, we recommend that designers first list all

components that constitute the system and select the components that have

a significant impact on the system performance for incorporation into the

model. In this process, team effort is preferred and designers could use design

tools such as a relationship table (Zhang et al., 2018) to identify the appro-

priate components. The knowledge of industry experts also could be involved

in the process. Once the components are selected, designers determine a perfor-

mance metric for each component. The performance metric should be a typical
Design Studies Vol 60 No. C January 2019



System evolution predict
indicator of component evolution (e.g., clock speed of CPU), and the perfor-

mance data should be available for the modeling time interval.

Designers then collect performance data of the system and the components

for the modeling time interval. The time interval usually starts from a past

time period and ends in the current time period. The typical time unit of

performance evolution is a year. In some cases, the time unit could be a

quarter or a month for fast developing component or system. More than

one performance data point may exist during a specific sampled time

period. For example, there are currently CPUs with slower and faster clock

speed. In this case, designers use the data point with highest value as it rep-

resents the current state of CPU performance evolution. Designers also

need to remove a data point if its performance value is smaller than that

of any previous data points because each data point should represent the

best system or component performance during the time period. We illus-

trate this data screening process using passenger airplane fuel efficiency

data in Section 5.1.

Moreover, dimensionless treatment is necessary for every component and sys-

tem performance evolution data set because each performance metric can be

measured by several different units (e.g., kilogram and pound for weight). De-

signers should divide system performance y0 and component performance yj
by their maximum performance value Y0 and Yj for the modeling interval

respectively. The dimensionless treatment normalizes system and component

performance data within the same range (0, 1]. In this way, each data point

has the same weight in the following data fitting process.
4.2 The LotkaeVolterra ecosystem model development and
data fitting
We assume that designers select n components that have significant impact on

system performance in the first step given by Section 4.1. In this case, designers

develop the LotkaeVolterra ecosystem model as Eqs. (4)e(7). The system

equation given by Eq. (4) has (n þ 2) parameters (a0, b0, and C0i) and each

component equation given by Eq. (6) has 3 parameters (aj, bj, and Cj0). There

are (4n þ 2) parameters in the LotkaeVolterra ecosystem model. Designers

should determine the range of each parameter in the LotkaeVolterra

ecosystem model before the subsequent data fitting process.

As we discussed in Section 1.2, the parameter a represents independent growth

rate in system evolution prediction. The value of the parameter a is associated

with stimulation factors such as R&D investment and government policy

encouragement. The parameter a generally has a positive value and thus its

data fitting range is (0, þN).
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The parameter b denotes technical difficulty in system evolution prediction.

The value of the parameter b sets the performance upper limit value. The

parameter b also has a positive value and its data fitting range is (0, þN).

The parameterC describes the interaction between the component and the sys-

tem. The data fitting range of the parameter C could be set as (�N, þN) in a

general case. To improve the data fitting efficiency and utilize available expert

knowledge, designers could also determine the data fitting range of each

parameter C based on the interaction mode (symbiosis, commensalism, and

amensalism) between the component and the system.

Designers could evaluate the application of a component to identify a

commensalism or an amensalism relationship between the component and

the system. If the component serves a variety of systems, the impact from a sin-

gle system on the component may be negligible. Commensalism or amensalism

is appropriate to describe the interaction between the component and the sys-

tem under this circumstance. The parameterCj0 in Eq. (6) equals zero, the data

fitting range of the parameter C0j in Eq. (4) is (0, þN) in commensalism and

(�N, 0) in amensalism.

Designers also could determine the range of the parameter C by analyzing the

component performance evolution curve with the help of industry experts. The

three typical performance evolution curves are shown in Figure 6.

If the component performance yj exhibits insignificant improvement during

the modeling time interval, its evolution curve is a straight line as curve (a)

in Figure 6. In this case, we reduce the interaction term C0jy0yj in Eq. (4) to

Cyjy0 where constant Cyj equals C0jyj. We could further combine the term

Cyjy0 with the independent growth term a0y0, eliminating the interaction

term C0jy0yj in Eq. (4). This mathematical reduction shows that designers

could remove the component j from the LotkaeVolterra ecosystem model if

the performance evolution curve of the component j is a straight line during

modeling time interval.

Sometimes, the component performance may evolve along an S-shape curve

such as curve (b) shown in Figure 6. The component performance almost rea-

ches its upper limit at the current time. Designers could use the logistic S-curve

model to describe the component performance evolution in this case. The

equation of the component j in the LotkaeVolterra ecosystem model has

the form

dyj
dt

¼ ajyj � bjyj
2: ð40Þ
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Figure 6 Three typical performance evolution curves
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The solution of Eq. (40) is the logistic S-curve model as discussed in Section

2.1. Here, the system has negligible impact on the component performance.

The component j has a commensalism or an amensalism relationship with

the system, and the parameter Cj0 in Eq. (6) equals zero.

If the component performance evolution curve is similar to curve (c) in

Figure 6, designers have to interpret the relationship between the component

and the system as symbiosis because the logistic S-curve model cannot cover

this curve shape. Therefore, the data fitting ranges of the parameters C0j in

Eq. (4) and Cj0 in Eq. (6) are (0, þN).

Once designers determine the range of (4n þ 2) parameters in the

LotkaeVolterra ecosystem model, they fit the dimensionless system and

component performance data with the ecosystem model as Eqs. (4)e(7). Of

note, the initial value of each (n þ 1) equations (e.g., the value of y0 (t ¼ 0)

for Eq. (4)) is also necessary for the data fitting process. Designers could use

the first data point (the earliest known component or system performance)

in each data set as the initial value of Eqs. (4)e(7). To improve the accuracy

of data fitting, designers also could set the initial values as unknown parame-

ters. This treatment brings (n þ 1) extra parameters to the LotkaeVolterra

ecosystem model, and the model has (5n þ 3) unknown parameters at the

beginning of the data fitting process.

The purpose of data fitting is to search the parameter space (range) in order to

determine the parameter values that minimize the sum of squared errors be-

tween the performance data sets and the solutions of Eqs. (4)e(7). Several

optimization algorithms (e.g., genetic algorithms, trust region, and simulated

annealing) are available for this purpose (Sobieszczanski-Sobieski, Morris, &

VanTooren, 2015). Designers could utilize available expert knowledge to find

a good initial value for each parameter from where to start the optimization

iteration. Of note, designers have to solve Eqs. (4)e(7) numerically at each
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optimization iteration step. As discussed in Section 3, we recommend high or-

der Runge-Kutta methods such as the Dormand-Prince method (Dormand &

Prince, 1980) to solve the LotkaeVolterra equations in the data fitting process.
4.3 Analysis of results
The data fitting process produces the optimal values of the parameters in the

LotkaeVolterra ecosystem model. Designers could make component and sys-

tem performance evolution prediction via mathematical extrapolation of the

ecosystem model. Of note, we assume the parameters a, b, and C are constants

in the LotkaeVolterra ecosystem model (Eqs. (4)e(7)). This assumption im-

plies that the endogenous and exogenous factors that impact component

and system evolution stays the same during the extrapolation time interval.

This assumption may not hold true in some cases such as an economic crisis

or a dramatic regulation change. Designers have to adjust the value of the cor-

responding parameter and update the prediction results to cover these cases.

For example, a potential economic crisis will lead to less R&D investment.

In order to predict the component and the system performances under such

adverse circumstances, designers could decrease the values of a0 in Eq. (4)

and aj in Eq. (6) to derive more conservative prediction results.

As stated in Section 2.3, designers could quantify the importance of each

component through the data fitting results of Eq. (4). Designers would like

to develop the components with the highest C0i values in-house or build a syn-

ergistic relationship with the suppliers. In contrast, designers consider

outsourcing the components with the lowest C0i or purchase the components

in the market with competitive prices.

Designers could also evaluate the most effective strategies to boost system per-

formance through the values of parameters in the LotkaeVolterra ecosystem

model. Designers could establish the empirical function between the system

performance boosting strategy and the parameter value based on prior data.

For example, if designers establish the empirical function between R&D in-

vestment and the value of the parameter a0 in Eq. (4) and aj in Eq. (6), they

can predict the investment return (on system performance) of different strate-

gies through the LotkaeVolterra ecosystem model and determine the most

effective strategy. If the prior data are not available, designers can compare

the values of a0 and ajC0j/bj as a basis for their decision. If a0 >> ajC0j/bj,

the investment on the system is more effective to improve system performance

than investment on the component j; similarly, investment on the component j

is more favorable if a0 << ajC0j/bj.

In some cases, it may be hard to improve either parameter a0 or aj. For

example, when both the component and the system performances are near

their upper limits, even a large amount of R&D investment will likely result
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in small performance improvements. In such cases, designers have to consider

innovative strategies, such as adopting new technology in component design

or substituting one or more new components for old components in the sys-

tem. These innovative strategies are typically more risky and expensive than

traditional strategies, but they may produce a cutting-edge product.
5 Case study: passenger airplane fuel efficiency
We develop three steps to apply the LotkaeVolterra ecosystem model in Sec-

tion 4. In this section, we use passenger airplane fuel efficiency as a case study

to illustrate each step, which can be applied in similar fashion to other appli-

cation scenarios. The system (passenger airplane fuel efficiency) interacts with

three components (aerodynamics, weight reduction, and aero-engine fuel effi-

ciency) in this case study. The results of this specific case study demonstrate

that the system and the three components almost exhaust their growth poten-

tial at 2018. To improve passenger airplane fuel efficiency significantly in the

future, designers may spend extra funding to develop sophisticated system

optimization techniques or consider adopting one or more new technologies

to reduce the weight of the passenger airplane. We also use a holdout sample

test to show the improved prediction accuracy of the LotkaeVolterra

ecosystem model compared with those of extant descriptive models.
5.1 Component selection and data collection
Passenger airplanes have several performance metrics such as speed, passenger

capacity, range, and fuel efficiency. We focus on the fuel efficiency of passenger

airplanes in this section. Because the fuel efficiency of the same passenger

airplane varies with flight range (Filippone, 2012), we consider the airplane

fuel efficiency for specific length trip of 3000 nautical miles (5556 km), which

is a typical transatlantic distance (e.g., from New York to London). Here,

we divide the maximum passenger capacity by the fuel consumption of 3000

nautical mile flight (EMEP/EEA, 2013) as the definition of passenger airplane

fuel efficiency.

A passenger airplane has thousands of components. We choose aerodynamics,

weight reduction, and aero-engine fuel efficiency as three major components

because they have significant impact on passenger airplane fuel efficiency

(Rutherford & Zeinali, 2009; Singh & Sharma, 2015). These three components

correspond to the three major disciplines (i.e., aerodynamics, structures, and

propulsion) in aerospace. Passenger airplane aerodynamics is often summa-

rized in terms of either the lift-over-drag ratio or the drag coefficient. Often,

this data is considered proprietary, and is thus unavailable. As a proxy for

these more traditional performance metrics for aerodynamics, we use the

wing aspect ratio, which correlates well with lift-to-drag ratio. We define the

performance metric of weight reduction as passenger airplane maximum

payload divided by the typical airline operating empty weight (OEW). The
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performance metric of aero-engine fuel efficiency is engine rated output

divided by fuel consumption per landing and take-off (LTO) cycle (EASA,

2016).

With the exception of the EEA and EASA data mentioned above, the passen-

ger airplane performance data (e.g., maximum passenger capacity, first flight

year, wing aspect ratio, payload, and OEM) was compiled from multiple vol-

umes of Jane’s All the World’s Aircraft and WIKIPEDIA. We collect the sys-

tem and the components’ performance data from 1970 to 2017 and select the

peak performance data every year for our modeling. For example, there are 33

passenger airplane 3000 nautical miles (nmi) fuel efficiency data points as

shown on Figure 7. Among these 33 data points, we select only 7 data points

(dots in Figure 7) to represent the evolution of passenger airplane 3000 nmi

fuel efficiency during 1970e2017.

We also divide each data point by its corresponding maximum performance

value during modeling time interval. The value of every component and system

data point is within the range (0, 1) after the dimensionless treatment.

5.2 The LotkaeVolterra ecosystem model development and
data fitting
We observe that the performances of wing aspect ratio and weight reduction

almost reach their upper limit by 2017. Their evolution curves (Figure 9 and

Figure 10 in Section 5.3) are similar to curve (b) in Figure 6. The evolution

curve of aero-engine fuel efficiency (Figure 11 in Section 5.3) is similar to curve

(c) in Figure 7. Thus, the first two components (aerodynamics and weight

reduction) have an assumed commensalism relationship with the system (pas-

senger airplane fuel efficiency), and the third component (aero-engine fuel ef-

ficiency) has an assumed symbiotic relationship with the system (passenger

airplane fuel efficiency). We build the LotkaeVolterra ecosystem model based

on these interaction modes as

dy0
dt

¼ a0y0 þ b0y
2
0 þC01y0y1 þC02y0y2 þC03y0y3 ð41Þ

dy1
dt

¼ a1y1 þ b1y
2
1 ð42Þ

dy2
dt

¼ a2y2 þ b2y
2
2 ð43Þ

dy3
dt

¼ a3y2 þ b3y
2
2 þC30y3y0; ð44Þ

where y0 is passenger airplane fuel efficiency (maximum passenger capacity/

3000 nmi fuel consumption), y1 is airplane wing aspect ratio, y2 is weight
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Figure 7 Passenger airplane 3000 nmi fuel efficiency data (1970e2017)
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reduction parameter (maximum payload/typical airline operating empty

weight), and y3 is aero-engine fuel efficiency (engine rated output/fuel con-

sumption per LTO cycle). Of note, we use the above simplification to illus-

trate the methodology developed in Section 4.2. We derive the same data

fitting result when we set the ranges of parameters C10, C20, and C30 as

(�N, þN) in this case study.
The data fitting range of the parameters a, b, and C in Eqs. (41)e(44) is (0,

þN). We set the initial values of each equation as unknown parameters

with the range (0, 1). In total, there are 16 unknown parameters in Eqs.

(41)e(44).

We use the trust region reflective algorithm (Mor�e & Sorensen, 1983) to search

the parameter space (range). In each search step, we employ the Dormand-

Prince method (Dormand & Prince, 1980) to solve Eqs. (41)e(44) numerically.

We derive the values of 16 parameters that minimize the sum of squared errors

between passenger airplane performance data sets and the solutions of Eqs.

(41)e(44). We plug the parameter values into Eqs. (41)e(44) and have

dy0
dt

¼ 0:0243y0 � 0:0524y20 þ 5:02,10�6y0y1 þ 0:0314y0y2 þ 2:92,10�5y0y3

ð45Þ

dy1
dt

¼ 0:0855y1 � 0:0826y21 ð46Þ
ion and manipulation using a Lotka 129



130
dy2
dt

¼ 0:114y2 � 0:114y22 ð47Þ

dy3
dt

¼ 0:372y3 � 2:17y23 þ 1:81y3y0 ð48Þ

y0ðt¼ 0Þ ¼ 0:577 ð49Þ

y1ðt¼ 0Þ ¼ 0:672 ð50Þ

y2ðt¼ 0Þ ¼ 0:759 ð51Þ

y3ðt¼ 0Þ ¼ 0:00394: ð52Þ

5.3 Results analysis
We predict the performances of the system and the three components in the

years 2018e2030 through a mathematical extrapolation of the

LotkaeVolterra ecosystem model as Eqs. (45)e(52). We assume that the

endogenous and exogenous factors (e.g., economics and government policy)

that impact component and system evolution stay the same, so that the param-

eters a, b, C remain the same during 2018e2030. The modeling result of pas-

senger airplane 3000 nmi fuel efficiency is shown on Figure 8. We observe that

the airplane fuel efficiency increases slowly from 2018 to 2030. By 2030, the

fuel efficiency will become 0.0149 person/kg, a 2.6% improvement from Boe-

ing 737 MAX’s in 2016. We can estimate the upper limit of passenger airplane

fuel efficiency from Eq. (26). That upper limit is 0.0154 person/kg and passen-

ger airplane fuel efficiency will reach 99% upper limit around 2055.

The wing aspect ratio and weight reduction parameter (maximum payload/

OEW) of passenger airplane will reach their upper limits soon. The modeling

results are shown in Figures 9 and 10 respectively. In 2030, the wing aspect ra-

tio will reach 10.48, which is 99.6% of its upper limit of 10.52. The weight

reduction parameter will touch 0.497 (99.9% upper limit) in 2030, only a

0.2% improvement from Boeing 787e9’s in 2013.

As a component, aero-engine fuel efficiency has better growth potential than

aerodynamics and weight reduction. Estimated from Eq. (27), the upper limit

of aero-engine fuel efficiency is 0.417 kN/kg. The fuel efficiency performance of

Pratt & Whitney PW1133G-JM in 2014 is 0.393 kN/kg, which is 94.2% of the

upper limit. The aero-engine fuel efficiency will rise to 0.404 kN/kg (97.0% of

the upper limit) in 2030 and reach 99% of the upper limit around 2050. The

modeling result of aero-engine fuel efficiency is shown in Figure 11.

We evaluate the importance of the three components from parameter C values

in Eq. (45). We find the value of C02 is three orders higher than C01 and C03,
Design Studies Vol 60 No. C January 2019



Figure 8 Passenger airplane 3000 nmi fuel efficiency modeling (1970e2030)

Figure 9 Passenger airplane wing

System evolution predict
which means that the weight reduction has a more significant impact on pas-

senger airplane fuel efficiency than those of the other two components (aero-

dynamics and aero-engine fuel efficiency). The result suggests that passenger

airplane designers may focus on R&D projects (e.g., new material develop-

ment) to reduce the weight of the passenger airplane. Meanwhile, they may

consider outsourcing the R&D (e.g., wind tunnel test) and manufacture

(e.g., aero-engine manufacture) of the other two components.

Figures 8 e11 show that both the system and the three components almost

exhaust their growth potential at 2018. To improve passenger airplane fuel
aspect ratio modeling (1970e2030)
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Figure 10 Passenger airplane weight reduction modeling (1970e2030)

Figure 11 Aero-engine fuel efficien

132
efficiency significantly in the future, we have to find effective stimulation stra-

tegies. Since the historical R&D investment data of the system and the compo-

nents are not available, we cannot establish the empirical relationship between

R&D expenditures and the parameter values in the ecosystem model. Howev-

er, as discussed in Section 4.3, we can compare the values of a0 and ajC0j/bj in

Eqs. (45)e(48) to provide a basis for passenger airplane designers. The com-

parison result is shown in Table 3, which indicates the most effective strategies

are investing on the passenger airplane (system) or on weight reduction

(component 2) based on the discussion in Section 2.3 and Section 4.3.
cy modeling (1970e2030)
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Table 3 The comparison of a0 and ajC0j/bj values in Eqs. (45)e(48)

Passenger Airplane a0 Aerodynamics a1C01/b1 Weight reduction a2C02/b2 Aero-engine a3C03/b3

0.0243 5.19$10�6 0.0315 5.03$10�6

System evolution predict
Specifically, we could apply the strategies discussed in Section 2.3 and Section

4.3 to improve the system performance. In this case, three effective strategies

are an increase of a0 through R&D investment, one or more new technology

adoption(s) in key component (weight reduction) design, and a component

substitution in the system.

The value of the parameter a0 will increase if designers spend extra R&D fund-

ing on the passenger airplane system design. Designers could use the funding

to develop sophisticated optimization techniques to pursue an improved fuel

efficiency design. For example, Boeing is trying to further stretch the fuselage

of 737 for competing with Airbus A321neo (Johnson, 2016). This current

R&D strategy of Boeing is consistent with our guideline. If designers could

improve the value of a0 by 10%, the passenger airplane fuel efficiency will in-

crease from 0.0149 person/kg to 0.0155 person/kg in 2030.

The weight reduction parameter (maximum payload/OEM) almost reaches its

upper limit at 2018. It will be hard to increase the value of the parameter a2
under this circumstance. Designers have to consider adopting one or more

new technologies to further reduce the weight of the passenger airplane. A ma-

jor effort of weight reduction until now is the gradual replacement of

aluminum by composite materials on passenger airplane structure (Baker,

Dutton, & Kelly, 2004). The potential weight reduction approach in the future

may be innovative airborne equipment (e.g., generator) and passenger cabin

design (e.g., CPI windowless fuselage), which decrease the non-essential weight

of passenger airplane (Singh & Sharma, 2015).

Designers could also consider the strategy of component substitution to

improve passenger airplane fuel efficiency. It represents a disruptive evolution

of aerodynamics or aero-engine. The substitution from piston aero-engine to

turbo-fan aero-engine around 1960s is a typical example of passenger airplane

component substitution. The example of Virgin Galactic is a recent approach

of component substitution. The airplane would travel outside of the Earth’s

atmosphere and enter orbit, using gravitational forces to travel at incredibly

fast speeds (Pleasance, 2013). This approach could shift the design restriction

(parameter b in the LotkaeVolterra ecosystem model) of both the system and

the three components and also change the interaction (parameter C in the

ecosystem model) between them.
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Figure 12 Predicted passenger airplane fuel efficiency on historical data (1970e2000)

134
5.4 Holdout sample test
We validate the prediction capability of the LotkaeVolterra ecosystem

model through a holdout sample test. We model the performance evolution

of passenger airplane 3000 nmi fuel efficiency during 1970e2000 using the

LotkaeVolterra ecosystem model (Eqs. (41)e(44)), Moore’s Law (Eq.

(12)), and the logistic S-curve model (Eq. (1)). We derive the system perfor-

mance in the following years through model extrapolation and compare the

predicted performance with the actual fuel efficiency data. The data fitting

and prediction results appear in Figure 12. The prediction accuracy of the

LotkaeVolterra ecosystem model exceeds those of Moore’s Law and the lo-

gistic S-curve model. The prediction errors of the three models for Boeing

737 MAX 3000 nmi fuel efficiency in 2016 range from 12.2% (the

LotkaeVolterra ecosystem model) to 24.7% (the logistic S-curve model)

to 26.1% (Moore’s Law). The improved prediction accuracy of the

LotkaeVolterra ecosystem model is a result of modeling the interaction

of a system and its components. The ecosystem model takes into account

the impact from the three components (aerodynamics, weight reduction,

and aero-engine fuel efficiency) on the system (passenger airplane fuel

efficiency).
6 Conclusions and future work
We extend the LotkaeVolterra equations from community ecology to an

ecosystem model to predict the system and its components performances.

The ecosystem model comprises a set of differential equations that consider

symbiosis, commensalism, or amensalism relationship between the component
Design Studies Vol 60 No. C January 2019
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and the system.We demonstrate the ecosystemmodel as an advanced model in

system evolution prediction through functional equivalence and equilibrium

point analysis. To apply the ecosystem model in practical projects, we develop

three steps for designers to predict the performances of the system and its com-

ponents. We also use passenger airplane fuel efficiency as a case study to illus-

trate these steps. The system (passenger airplane fuel efficiency) interacts with

three components (aerodynamics, weight reduction, and aero-engine fuel effi-

ciency) in the case study.

We associate every parameter in the LotkaeVolterra ecosystem model with its

causal factors. The values of parameter C in the ecosystem model help de-

signers to identify the key components in a system and make informed

R&D investment and outsourcing decisions. The mathematical analysis of

the LotkaeVolterra ecosystem model offers designers guidelines on effective

strategies to boost system performance.

Our paper has several limitations that offer opportunities for future research.

Because of data limitation, we choose the passenger airplanes as a case study

to demonstrate the application of the ecosystem model. Researchers could

apply the LotkaeVolterra ecosystem model in emerging systems such as elec-

tric automobile in the future. Such application may derive compelling predic-

tion results and help designers generate effective strategies to boost system

performance. Moreover, we assume that the parameters a, b, and C are con-

stants in the LotkaeVolterra ecosystem model. However, the causal factors

associated with the parameters may vary over time, changing the parameters

from constants to functions of time. Researchers could consider establishing

empirical formulas for the relationship between the parameters (e.g., param-

eter a0) in the ecosystem model and their causal factors (e.g., R&D investment)

in the future. In addition, we do not consider the interaction between compo-

nents in the ecosystem model. Future research could explore these complex

cases with refined mathematical and empirical approaches. Future research

could also consider the incorporation of predation and competition relation-

ships to potentially describe the interaction between components during

component substitution. This could account for such scenarios as the compe-

tition for adoption between the keyboard and the touch screen on mobile

phones.
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