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Generating Technology
Evolution Prediction Intervals
Using a Bootstrap Method
Technology evolution prediction is critical for designers, business managers, and entre-
preneurs to make important decisions during product development planning such as
R&D investment and outsourcing. In practice, designers want to supplement point fore-
casts with prediction intervals to assess future uncertainty and make contingency plans
accordingly. However, prediction intervals generation for technology evolution has
received scant attention in the literature. In this paper, we develop a generic method that
uses bootstrapping to generate prediction intervals for technology evolution. The method
we develop can be applied to any model that describes technology performance incre-
mental change. We consider parameter uncertainty and data uncertainty and establish
their empirical probability distributions. We determine an appropriate confidence level
to generate prediction intervals through a holdout sample analysis rather than specify
that the confidence level equals 0.05 as is typically done in the literature. In addition, our
method provides the probability distribution of each parameter in a prediction model.
The probability distribution is valuable when parameter values are associated with the
impact factors of technology evolution. We validate our method to generate prediction
intervals through two case studies of central processing units (CPU) and passenger air-
planes. These case studies show that the prediction intervals generated by our
method cover every actual data point in the holdout sample tests. We outline four steps to
generate prediction intervals for technology evolution prediction in practice.
[DOI: 10.1115/1.4041860]
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1 Introduction

Technology evolution prediction, also called technological
forecasting, models the performance change of a technology over
time. Technology evolution prediction helps designers, business
managers, and entrepreneurs make informed R&D and outsourc-
ing decisions during product development planning [1,2]. Specifi-
cally, practitioners rely on the prediction to set reasonable R&D
targets for their product in order to compete with other players in
the industry. Technology evolution prediction also aids decision
makers by providing estimates of when the performance of a tech-
nology will reach a desirable value for adoption.

The prediction results generated by existing models of technol-
ogy evolution prediction are expressed as single numbers, which
are called point forecasts. Designers often want to supplement
point forecasts by computing interval forecasts to assess future
uncertainty and make contingency plans accordingly [3]. For
example, it is often necessary for designers to estimate the earliest
and the latest time at which the technology of interest would
achieve an expected performance. A comprehensive R&D plan is
usually developed based on such estimation. However, prediction
intervals generation for technology evolution has received scant
attention in the literature. Researchers have used continuous math-
ematical functions or differential equations (e.g., exponential
function, logistic function, and Lotka–Volterra equations) to
model the performance change of a technology over time but sel-
dom supplemented their point forecast results for future technol-
ogy performance with prediction intervals [4–6].

In this paper, we introduce a broadly applicable method to gen-
erate prediction intervals for technology evolution prediction. To
our knowledge, a prediction interval generation method that can
be applied to any model that predicts technology performance
incremental changes is a new contribution to technology evolution
prediction. The method we develop is based on a bootstrapping
[7–9] approach and does not rely on any parametric assumptions
(e.g., assumptions of normality). We consider parameter uncer-
tainty and data uncertainty and establish their empirical probabil-
ity distributions. We determine an appropriate confidence level, a,
to generate reasonable prediction intervals through a holdout
sample analysis rather than set a¼ 0.05 as is frequently done in
the literature. In addition, our method provides the probability dis-
tribution of each parameter in a prediction model. The probability
distribution is valuable for designers when parameter values are
associated with the impact factors of technology evolution (e.g.,
performance upper limit in the logistic S-curve model or technol-
ogy interaction in the Lotka–Volterra ecosystem model).

This paper begins with a short review of the related literature in
Sec. 2. We analyze the uncertainty pertaining to technology evo-
lution prediction and develop a method to generate prediction
intervals based on a bootstrapping approach in Sec. 3. To ease the
implementation of our method in practical projects of technology
evolution prediction, we summarize four steps to implement the
method in Sec. 4. In Sec. 5, we illustrate the application of our
method using evolution data on central processing units (CPUs)
and passenger airplanes. We conclude with a brief discussion of
our contributions and outline future research directions.

2 Background and Related Work

There are three primary types of uncertainty encountered in
prediction problems [10]. These uncertainties are often referred
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to as model uncertainty, parameter uncertainty, and data uncer-
tainty. Model uncertainty comes from the structure of the
model. Considerable error may occur if a prediction model is
not appropriate for the problem [10,11]. Parameter uncertainty
is rooted in the estimation of the model parameters. Research-
ers usually assume that the model parameters are constants
during a data fitting process. However, the value of each
parameter may change over time [3,6], and the variation of
each parameter may lead to prediction error. Data uncertainty
covers the observed data’s random variations that are not
explained by model uncertainty and parameter uncertainty. The
random variation is often represented by a random error (or
white noise) term, e, in prediction models [3,12–14]. Of note,
researchers often categorize the sources of uncertainty as either
aleatory or epistemic in engineering modeling for risk and reli-
ability analysis [15]. Here, the model uncertainty and the
parameter uncertainty belong to the epistemic category; the
data uncertainty is characterized as aleatory.

Researchers have considered these three types of uncertainty
and developed several methods to construct prediction intervals
for time series problems [3,14,16]. Although time series models
are not commonly used in technology evolution prediction, these
methods associated with time series models could provide a
framework for new methods in uncertainty estimation of technol-
ogy evolution prediction. A typical time series prediction model
has the following mathematical form

yt ¼ Ft yt�1; yt�2;…yt�p; hð Þ þ et (1)

where yt is the variable of interest at time t, F is a function that
takes arguments y at previous time t� 1, t� 2, …, t� p and
potential parameters h, and e is an independent random error term.
Typical time series data (e.g., yearly United States’ oil produc-
tion) are uniformly spaced. One data point is given at each time
period (e.g., monthly or yearly). The current value of the series,
yt, can be explained as a function of p consecutive past y values yt-

1, yt-2, …, yt-p, and other variables h (e.g., q past error e values et-1,
et-2, …, et-q in a mixed autoregressive moving average model
[14]).

To mitigate the model uncertainty and improve the robust-
ness and efficiency of statistical models, researchers select an
optimal prediction model from a wide range of time series
models by minimizing a statistic such as Akaike’s information
criterion or Schwarz Bayesian information criterion [10,12].
Several procedures have been established to select an optimal
model, which include, but are not limited to, the Box-Jenkins
procedure for autoregressive integrated moving average
(ARIMA) models and the Holt-Winters procedure for exponen-
tial smoothing models [10,12,17,18]. Model uncertainty is gen-
erally neglected once the optimal prediction model is selected
via one of these procedures.

Many times, the parameter uncertainty is underemphasized in
time series analysis. However, parameter uncertainty cannot be
overlooked in a model with many parameters or when the number
of observed data points is small [3]. Researchers often perform
sensitivity analysis to assess parameter uncertainty [19]. Bayesian
approach has also been widely adopted in time series problems to
quantify parameter uncertainty [20].

Data uncertainty is described by the random error term, e, in
Eq. (1). Researchers often assume the random error is an inde-
pendent variable that follows a parametric distribution. Assump-
tions of normality are commonly used for the random error term e
[3] but no complete consensus exists among researchers regarding
this choice. Harvey suggested the use of a t-distribution to
describe the random error for a Gaussian time series model [18].
Williams and Goodman analyzed six time series of residences and
the number of business main telephones in service on the last day
of the month for three Michigan cities [21]. They found that the
absolute values of the prediction error approximately follow a
gamma distribution [21].

If we define current time as t and want to predict the value of
variable y at time tþ k as ytþk, the general form of a 100(1� a) %
prediction interval for ytþk in a time series analysis is [3]

Ftþk 6 za=2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðetþkÞ

p
; (2)

where Ftþk is the value of the function F at time tþ k, za/2 is the
a/2 percentage point of the parametric distribution of the random
error e, var (etþk) is the variance of random error e at time tþ k. In
practice, researchers often set confidence level a ¼ 0.05 and com-
pute the 95% prediction intervals for their problem. Equation (2)
also assumes the model prediction, Ftþk, is unbiased with
expected mean squared prediction error. The analytic form of var
(etþk) could be derived for several time series modes. For exam-
ple, the random walk with drift model has the form [14]

ytþ1 ¼ dþ yt þ etþ1 (3)

where the constant d is called drift. The variance of the random
error, e, at time tþ k has the form

var etþkð Þ ¼ kr2
e (4)

where re
2 equals var (etþ1), which is the variance of the one step

ahead prediction error [3,22]. For the time series models for which
the analytic form of var (etþk) is not available, researchers have to
use approximate formulas [22] or numerical approaches (e.g.,
Monte Carlo simulation or bootstrapping) to estimate the variance
[3,23]. Of note, typical time series models (e.g., ARIMA and
exponential smoothing [12]) represented by Eq. (1) require
uniformly spaced data. Advanced time series models (e.g., ACD-
GARCH model [24]) exist for time series data with nonuniform
spacing.

Time series models and the associated prediction interval gen-
eration methods have been successfully applied in several areas
such as econometrics, demography, marketing, and medical sci-
ence [12,14,16]. However, time series models are not commonly
used in technology evolution prediction. Researchers often believe
that an underlying law governs the incremental change in technol-
ogy evolution that involves a dominant design [25–27]. Such law
is usually described by continuous mathematical functions or dif-
ferential equations involving time rather than time series models.
Moreover, a typical technology evolution problem involves fewer
than 30 data points. Statistical theorems, such as the central limit
theorem, are not applicable with such a small sample size. It is
also hard to validate a parametric distribution assumption for the
error term e because a parametric distribution test (e.g., normality
test) has less power to reject the null hypothesis due to the small
sample size [28].

Popular technology evolution prediction models include, but
are not limited to, Moore’s Law, the logistic S-curve model, and
the Lotka-Volterra ecosystem model [4,6,29]. Researchers have
fitted these models to nonuniformly spaced data and predict
technology performance through mathematical extrapolation.
However, researchers seldom supplemented their point forecast
results with prediction intervals. The limited publications that
consider uncertainty in technology evolution prediction include
the works from Farmer and Lafond [30], Arendt et al. [31], Naim
and Lewis [32], and Nagy et al. [33]. Farmer and Lafond modified
Moore’s Law as a correlated geometric random walk with drift
model and constructed the prediction intervals through an approx-
imate approach [30]. However, the model and the approach devel-
oped by Farmer and Lafond only work for uniformly spaced time
series data. Arendt et al. fitted technology evolution data by an
Erto-Lanzotti S-curve model and considered the parameter uncer-
tainty through a Monte Carlo simulation [31]. The method pro-
vided by Arendt et al. is valuable for decision making in design,
but the method cannot be applied to the technology evolution that
does not follow the Erto-Lanzotti S-curve model. Naim and Lewis
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introduced an n-dimensional growth model for engineering sys-
tem performance evolution [32]. They considered the uncertainty
of one parameter (performance upper limit) through a Monte
Carlo simulation. The data uncertainty and the uncertainty per-
taining to other parameters in their model were neglected. Nagy
et al. tested six technology evolution models in their paper [33].
The technology performance Nagy et al. discussed was production
or price rather than technical performance metrics (e.g., speed or
capacity) that are of primary interest to designers.

3 Prediction Intervals Generation Using a Bootstrap

Method

Based on the capability void discussed in Sec. 2, we introduce a
generic method to generate prediction intervals for technology
evolution prediction in this section. The method we introduce can
be applied to any technology evolution prediction model that
describes the incremental change in technology performance. The
discussion of more fundamental or radical technological changes
(e.g., changes in system configuration or functionality, and disrup-
tive innovations) is beyond the scope of this paper. We discuss the
three types of uncertainty in technology evolution prediction and
establish the empirical probability distributions of parameter
uncertainty and data uncertainty through bootstrapping. We also
present a holdout sample analysis to determine the confidence
level, a, for prediction intervals generation. In addition, we con-
struct the probability distribution of each parameter in a prediction
model. Of note, researchers also could transform the nonuni-
formly spaced technology evolution data to uniformly spaced data
through an interpolation approach. Typical time series models
(e.g., ARIMA or exponential smoothing [12]) could then be used
for technology evolution prediction. However, the interpolation
approach introduces artificial data points that bring fresh uncer-
tainty in technology evolution prediction, and this new uncertainty
is hard to address in prediction intervals generation.

As a generic problem of technology evolution prediction, there
are n technology performance data points from start time, T1, to
current time, T2. Designers want to predict the technology per-
formance from current time, T2, to future time, T2þs, with predic-
tion intervals. The n technology performance data at time t1, t2,…,
tn are denoted by y1, y2,…, yn, respectively. A technology evolu-
tion prediction model M(t; u) is chosen to fit the data, where t is
time and u¼ (A, B, C, …) represents the constant parameters in
model M. Each technology performance data point is expressed as

yi ¼ M ti; u0ð Þ þ ei (5)

where i�{1, 2, …, n}, u0¼ (A0, B0, C0, …) denotes estimated
parameters derived from a data fitting process, and ei is the devia-
tion from the model at each data point.

The point forecast of technology performance at time te, where
T2< te< T2þs is obtained by mathematical extrapolation as M(te;
u0). An optimal prediction model should be selected to minimize
the model uncertainty. It is a challenging task to select an optimal
model from a wide range of technology evolution prediction mod-
els. Such discussion is beyond the scope of this paper. We assume
that M (t; u) is the optimal model and do not consider the model
uncertainty. To incorporate the model uncertainty, designers could
review the work of Chatfield [11], Meade and Islam [29], Young
[34], and Draper [35].

We estimate the parameter uncertainty using a bootstrap
method. The bootstrap method, also called bootstrapping or the
resample method, was introduced by Efron [7]. The method has
been used to construct prediction intervals for regression, time
series, and growth curve models [8,9,23,36,37]. Here, an original
sample is comprised of the deviation terms in Eq. (5) as E0¼ (e1,
e2, …, en). We create a resample E1 of size n by drawing elements
from the original sample, E0, with replacement. Each element in
sample E0 has an equal probability of 1/n to be drawn. The resam-
pling process is repeated R times to generate R resamples as

Ej ¼ ðej
1; e

j
2;…; ej

nÞ (6)

where j � {1, 2, …, R}. Typically, R is at least 1000 for prediction
intervals generation [9]. Each resample is made up of the elements
in the original sample (ei

j � {e1, e2, …, en}). We then derive the R
bootstrapped technology performance data sets as Yj¼ (y1

j, y2
j, …,

yn
j) where

yj
i ¼ M ti; u0ð Þ þ ej

i (7)

The model parameters can be estimated using a specified data
fitting method (e.g., ordinary least squares) for the bootstrapped
technology performance data sets Yj as uj¼ (Aj, Bj, Cj, …). An
empirical probability distribution Me(te; u) at time te is built by
setting the same probability, 1/R, at each point M(te; u1), M(te;
u2), …, M(te; uR) [38]. The empirical probability distribution
Me(te; u) describes the parameter uncertainty in technology evolu-
tion prediction. Here, we also can build the empirical probability
distribution of each parameter in the prediction model M from uj.
For example, we can build an empirical probability distribution
Ae for parameter A by setting the same probability, 1/R, at each
point A1, A2,…, AR. If the parameters have a clear interpretation in
technology evolution context (e.g., technology performance upper
limit in the logistic S-curve model or technology interaction in the
Lotka-Volterra ecosystem model), the probability distributions of
the parameters built here could be a key reference for designers to
make R&D and outsourcing decisions, which is illustrated by the
passenger airplane case study in Sec. 5.2.

The data uncertainty is represented by the deviation term, e. We
assume the deviation is an independent random variable that is
applied to any technology performance data from T1 to T2þs. It is
hard to assume any parametric distribution (e.g., normal distribu-
tion) for the random variable e because a typical technology evo-
lution problem has less than 30 data points. We construct an
empirical probability distribution Ee (e) from the sample E0¼ (e1,
e2,…, en) by setting the same probability of 1/n to each element in
the sample E0 [38]. The empirical probability distribution, Ee(e),
describes the data uncertainty in technology evolution prediction.

Above all, we could generate the prediction intervals using
the empirical probability distributions Me(te; u) and Ee(e). The
percentile method is used because of its convenience [8]. A
100(1�a) % prediction interval for technology performance y at
time te is given by

½Ma=2
e þ ea=2

e ;M1�ða=2Þ
e þ e1�ða=2Þ

e � (8)

where Me
a/2 and Me

1�(a/2) are the a/2 and 1� a/2 percentiles of the
Me (te; u) distribution, ee

a/2 and ee
1�(a/2) are the a/2 and 1� a/2 per-

centiles of the Ee(e) distribution. For example, a 95% prediction
interval (a¼ 0.05) for technology performance at time te is

M2:5%
e þ e2:5%

e ;M97:5%
e þ e97:5%

e

h i
(9)

Of note, a 100(1� a) % prediction interval does not cover
100(1� a) % possible technology performance in a future time
period [3,21,22]. The value of a is considered a designer’s choice.
It is of significance for designers to determine an appropriate
value for the confidence level a to generate reasonable prediction
intervals. Such reasonable prediction intervals should capture the
uncertainty of future technology performance in a modest range
rather than an exaggerated wide range. In practice, researchers
often follow the convention in statistical hypothesis testing and
take a¼ 0.05 to generate 95% prediction intervals. However, the
95% prediction intervals sometimes are too wide in technology
evolution prediction (e.g., Figs. 1 and 2 in Sec. 5), and such wide
intervals are not useful for designers to make R&D decisions. We
suggest using holdout sample analysis to determine an appropriate
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value for the confidence level a and generate reasonable predic-
tion intervals accordingly. The suggested holdout sample analysis
gives an appropriate value of a based on prior technology per-
formance evolution data rather than a constant value of a. This
strategy considers the difference between diverse technologies on
evolution trend and the associated uncertainty. First, the same
model M is used to fit the data points from start time T1 to time
T2� s. The empirical probability distributions Me(te; u) and Ee(e)
at time te, where T2� s< te< T2, can be derived following the
preceding procedure. There are k known data points from time
T2� s to time T2, from which the narrowest prediction intervals
that just cover the k data points can be identified. The confidence
level ae associated with the narrowest prediction intervals is used
as the appropriate value of confidence level. We then use the
appropriate confidence level ae to generate the prediction intervals
from current time, T2, to future time, T2þ s. The underlying
assumption of this method is that the prediction uncertainty from
time T2 to time T2þ s is smaller than or equal to the uncertainty
from time T2� s to time T2. This assumption is validated through
two case studies of CPUs and passenger airplanes evolution pre-
dictions in Sec. 5. It is shown that the prediction intervals gener-
ated by the confidence level ae suffice to cover every actual data
point in the holdout sample tests. Meanwhile, the 95% prediction
intervals are much wider than the prediction intervals generated
by the confidence level ae.

4 Four Steps to Generate Prediction Intervals for

Technology Evolution Prediction

In Sec. 3, we presented a method to generate prediction inter-
vals for a generic problem of technology evolution prediction. In
this section, we summarize that procedure to implement the
method in four steps. Designers can follow these guidelines to
supplement point forecasts with prediction intervals in technology
evolution prediction.

Step 1—Data collection and pretreatment. Designers first col-
lect the technology performance data for a time interval of inter-
est. The time interval usually begins with a past time, T1, and ends
in current time, T2. There may be more than one data point in a
specific time period (e.g., several CPUs with different transistor
counts are introduced in the same year). Designers retain only the
greatest performance value in each time period because that data
point represents the best available technology performance at the
time. Designers also delete performance values that are lower
than those during previous time periods. The remaining data
points are used for technology evolution prediction. Designers can
transform (e.g., a log transformation) or normalize (e.g., dimen-
sionless treatment) the data if necessary.

Step 2—Model selection. Designers select a technology evolu-
tion prediction model for their specific problem. Descriptive
models (e.g., S-curve models or Moore’s Law) are simple

Fig. 1 CPU transistor count evolution prediction intervals from 2014 to 2018

Fig. 2 Passenger airplane performance evolution prediction from 2004 to 2008
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mathematical functions that are applicable for fundamental tech-
nology evolution prediction in which technology interaction is
ignored. If technology interaction needs to be considered, a sys-
tem model (e.g., the Lotka-Volterra ecosystem model) is prefera-
ble [6,39]. Of note, the best fit model usually is not the best
prediction model [11]. The model selection should be based on
the results from several holdout sample tests as well as the advice
from domain or subject matter experts.

Step 3—Confidence level determination. Designers conduct a
holdout sample analysis using the technology evolution data from
time T1 to time T2� s. The technology evolution prediction model
selected in step 2 is estimated using the holdout data set, and the
empirical probability distributions for model prediction Me(te; u)
and deviation Ee(e) at time te, where T2� s< te< T2, are derived
as described in Sec. 3. Designers calculate a confidence level a
associated with each data point during time interval (T2� s, T2).
The smallest value of confidence level a corresponds to the nar-
rowest prediction intervals that can cover every data point during
time interval (T2� s, T2). The smallest confidence level is then
used as the appropriate value ae in the next step.

Step 4—Prediction intervals generation. Designers predict
technology performance and generate prediction intervals in the
future time interval (T2, T2þ s) using data from start time, T1, to
current time, T2. The technology evolution prediction model
selected in step 2 is estimated using the entire data set. Of note,
the parameter estimates derived from the data fitting process are
not the same as the parameter estimates from the holdout sample
analysis in step 3. Designers obtain the empirical probability dis-
tributions for model prediction Me(te; u) and deviation Ee(e) in
the future time interval (T2, T2þ s) through the method developed
in Sec. 3. The probability distribution of each parameter in the
model also could be built if necessary. The upper and lower limits
of the prediction intervals are generated by Eq. (8) using confi-
dence level ae derived in step 3. Designers should substitute the
latest technology performance (yn in Sec. 3) for the lower limit(s)
of the prediction intervals generated by Eq. (8) if the lower lim-
it(s) is smaller than the latest technology performance because
technology performance monotonically increases over time.

5 Case Studies of Central Processing Units and

Passenger Airplanes

In this section, we use CPUs and passenger airplanes as two
case studies to illustrate the four steps of the process outlined in
Sec. 4. In the holdout sample tests of the two case studies, the pre-
diction intervals generated by our method cover every actual data
point. These results validate our method and the associated
assumptions.

The holdout sample analysis also shows that the 95% prediction
intervals are much wider than the 100(1� ae) % prediction inter-
vals generated by our method. In practice, we suggest that design-
ers use 100(1� ae) % prediction intervals for R&D planning and
decision making. Designers also could estimate the earliest and
the latest time at which the technology of interest would achieve
the expected performance level using the 100(1� ae) % prediction
intervals. The 95% prediction intervals can be used as a reference
to make contingency plans if necessary.

Our method also provides the probability distribution of each
parameter in a prediction model. In the passenger airplane case
study, the probability distributions of the parameters C01 and C10

in the Lotka-Volterra ecosystem model indicate the interaction
between the system (passenger airplane) and component (turbofan
aero-engine) technologies. The probability distributions help
designers to make more informed R&D and outsourcing
decisions.

5.1 Central Processing Units Transistor Count Evolution
Prediction. The prediction of CPU transistor count is important
in the semi-conductor industry. The prediction results are critical
for high technology companies in R&D planning [4]. To validate
our method, we use the CPU transistor count data from 1970 to
2014 and generate prediction intervals during 2014–2018.

There are 118 data points in total as shown in Fig. 3. We choose
the top performance data point of each year and then remove the
data points that are lower than any previous data point. Only 30
data points (dots on Fig. 3) are selected to represent the CPU per-
formance evolution from 1970 to 2018. As is common in the
semi-conductor industry, we take the natural logarithm of the 30
performance values because of fast improvements in CPU
performance.

We use Moore’s Law as the technology evolution prediction
model for CPU performance evolution. Moore’s Law is the
most influential model used widely in the semiconductor
industry to predict the performances of CPU and dynamic
random-access memory [4]. The mathematical model is given
by

y ¼ eAþBt (10)

where y is technology performance, t is time, and A and B are con-
stant parameters. We make a natural logarithm transformation to
Eq. (10) and obtain a simple regression model as

z ¼ Aþ Bt (11)

where z¼ ln(y). Equation (11) is a linear model that is used to fit
the natural logarithm transformed data set.

Fig. 3 CPU transistor count data during 1970–2018
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To validate our prediction intervals generation method, we
conduct a holdout sample test. In this test, we check whether our
prediction intervals cover the actual data points in the following
years. Imagine we are in 2014 and want to predict the CPU tran-
sistor count evolution in the subsequent four years (s¼ 4) using
the data from 1970 to 2014 (T1¼ 0, T2¼ 44).

To determine an appropriate value for confidence level ae, we
perform a holdout sample analysis using the CPU transistor count
data from 1970 to 2010 (T1¼ 0, T2� s¼ 40). We fit the 25 data
points (n¼ 25) to minimize the sum of squared errors. The fitted
model is

zi ¼ 7:183þ 0:3607ti þ ei (12)

where i � {1, 2, …, 25}, zi is the natural logarithm transformed
transistor count, ti is time, where T1 � ti � T2� s, and ei is the
deviation at each data point. We create an original sample from
the deviation term of Eq. (12) as E0¼ (e1, e2, …, e25). Resamples
with size n¼ 25 are generated by drawing elements from sample
E0 with replacement. Each element in sample E0 has a probability
of 1/25 to be drawn. We create 1000 resamples (R¼ 1000) as

Ej ¼ ej
1; e

j
2;…; ej

n

� �
(13)

where j�{1, 2, …, 1000}. We then derive 1000 bootstrapped
CPU transistor count data sets as Zj¼ (z1

j, z2
j,…, z25

j ) where

zj
i ¼ 7:183þ 0:3607ti þ ej

i (14)

We estimate bootstrapped model parameters Aj and Bj for each
bootstrapped CPU transistor count data set Zj as uj¼ (Aj, Bj). We
build an empirical probability distribution Me(te; u) at time te
(40< te <44) by setting probability 1/1000 at each point M(te;
u1), M(te; u2),…, M(te; u1000) where

M te; ujð Þ ¼ Aj þ Bjte (15)

The empirical probability distribution Me(te; u) describes the
parameter uncertainty in CPU transistor count prediction.

To estimate data uncertainty in CPU transistor count prediction,
we construct an empirical probability distribution Ee(e) from the
sample E0¼ (e1, e2,…, e25) by setting a probability of 1/25 to each
element in the sample E0.

Above all, we derive a 100(1� a) % prediction intervals for
natural logarithm transformed CPU transistor count z at time te
(40< te< 44) by

½Ma=2
e þ ea=2

e ;M1�ða=2Þ
e þ e1�ða=2Þ

e � (16)

where Me
a/2 and Me

1-(a/2) are the a/2 and 1� a/2 percentiles of the
Me(te; u) distribution, ee

a/2 and ee
1-(a/2) are the a/2 and 1� a/2 per-

centiles of the Ee(e) distribution. We have the actual data points in
2011, 2012, and 2014 (te¼ 41, 42, and 44). We could determine
the distribution percentile P% that overlap these actual data points
at time te¼ 41, 42, and 44. The three values of confidence level a
associated with each prediction interval can be calculated by 1-j1-
P/50j. A 100(1� a) % prediction interval corresponds to each a
value. The results of the distribution percentile, the confidence
level, and the prediction interval at each actual data point are
listed in Table 1.

Table 1 shows that the 51.8% prediction intervals cover the
three data points during 2010–2014, resulting in corresponding
confidence level of ae¼ 0.482 which is used to generate predic-
tion intervals in the next step.

As the final step, we fit the 28 data points of CPU transistor
count (n¼ 28) from 1970 to 2014 (T1¼ 0, T2¼ 44) with Eq. (11).
The ordinary least-squares estimation produces the fitted model as
follows:

zi ¼ 7:242þ 0:3568ti þ ei (17)

Following the same procedure as stated earlier in this section,
we generate 51.8% prediction intervals for CPU transistor count
from 2014 to 2018. The results are shown in Fig. 1. The 51.8%
prediction intervals create a gray area that covers the two actual
data points (rhombuses in Fig. 1) at 2015 and 2017. We also show
95% prediction intervals (a¼ 0.05) in Fig. 1. Figure 1 shows that
95% prediction intervals are much wider than the 51.8% predic-
tion intervals on the log coordinates.

5.2 Passenger Airplane Performance Evolution Prediction.
The evolution of the passenger airplane has led to airliners with
higher passenger capacity, faster speed, and longer range over
time. The aircraft engine (hereafter referred to as the aero-engine)
is a major component of the passenger airplane. The interaction
between the passenger airplane and the aero-engine should be
considered in the passenger airplane performance evolution pre-
diction [6]. Thus, we use the Lotka–Volterra equations [6] to
model the technology interaction and predict the passenger air-
plane performance evolution. Here, the passenger airplane is
the system technology. We take passenger capacity�speed�range
(km2/h) as the performance metric of the system technology. The
turbofan aero-engine is the component technology. Take-off thrust
(kN) is used as the performance metric of the component technol-
ogy. The point forecasts of the passenger airplane and the turbofan
aero-engine performance evolutions are found in our previous
publication [6]. We focus on prediction intervals generation in
this section. To test our method, we use the performance evolution
data of the passenger airplane and the turbofan aero-engine from
1960 to 2004 and generate prediction intervals during 2004–2008.

We collect the performance evolution data of the passenger air-
plane and the turbofan aero-engine during 1960–2008 [40–42].
We choose the top performance data point of each year and then
remove the data points that are lower than any previous data point.
We select ten data points that represent the passenger airplane per-
formance evolution and 15 data points that represent the turbofan
aero-engine performance evolution from 1960 to 2008. To create
dimensionless metrics, we divide these data values by the corre-
sponding characteristic values [6]. The latest performance in a
specified time interval is used as the characteristic value for each
technology

In this case study, the simplified Lotka–Volterra equations are

dy�0
dt
¼ a0y�0 � b0y�0

2 þ C01y�0y�1 (18)

dy�1
dt
¼ a1y�1 � b1y�1

2 þ C10y�1y�0 (19)

where y�0 is the dimensionless passenger airplane performance, y�1
is the dimensionless turbofan aero-engine performance, and a0,
b0, C01, a1, b1, and C10 are constant parameters.

Again, we conduct a holdout sample test to validate our predic-
tion intervals generation method. In the holdout sample test, we
check whether our prediction intervals cover the actual data
point(s) in the following years. We assume that we are in 2004
and want to predict the passenger airplane performance evolution

Table 1 Distribution percentile, confidence level, and predic-
tion interval at 2011, 2012, and 2014 of CPU transistor count
evolution

Year
Distribution

percentile (%)
Confidence

level a
Prediction

interval

2011 36.0 0.720 28.0%
2012 56.0 0.880 12.0%
2014 24.1 0.482 51.8%
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for the subsequent four years (s¼ 4) using the data from 1960 to
2004 (T1¼ 0, T2¼ 44).

To determine an appropriate value for confidence level ae, we
perform a holdout sample analysis using the performance evolu-
tion data of the passenger airplane and the turbofan aero-engine
from 1960 to 2000 (T1¼ 0, T2� s¼ 40). We fit the 23 data points
(n¼ 23) to minimize the sum of squared errors using the trust
region reflective algorithm [43]. In the data fitting process, the sim-
plified Lotka–Volterra equations (18) and (19) are solved using
high-order Runge–Kutta method [44,45]. The fitted model is

dy�0
dt
¼ 0:280y�0 � 0:616y�0

2 þ 0:481y�0y�1 (20)

dy�1
dt
¼ 0:0509y�1 � 0:0319y�1

2 þ 2:33 � 10�14y�1y�0 (21)

y�0 t ¼ 0ð Þ ¼ 0:0796 (22)

y�1 t ¼ 0ð Þ ¼ 0:241; (23)

where t¼ 0 represents the start year of 1960. Here, we treat the
technology performances at the start year as unknown parameters
in the data fitting process. We derive the deviation term, ei, by
subtracting the corresponding solution of Eqs. (20)–(23) from the
actual data at each data point, where i � {1, 2, …, 23}. Here, we
do not treat the deviation terms of two technologies (the passenger
airplane and the turbofan aero-engine) differently in the following
bootstrapping process because every data point is normalized in
the same range (0, 1] by the dimensionless treatment. The cluster
bootstrapping approach in technology evolution prediction using a
system model may be explored in future research. Thus, we create
an original sample from the deviation term as E0¼ (e1, e2, …,
e23). Resamples with size n¼ 23 are generated by drawing ele-
ments from the sample E0 with replacement. Each element in the
sample E0 has a probability of 1/23 to be drawn. We create 1000
resamples (R¼ 1000) as

Ej ¼ ej
1; e

j
2;…; ej

n

� �
(24)

where j � {1, 2, …, 1000}. We then derive 1,000 bootstrapped
passenger airplane and turbofan aero-engine data sets as Yj¼ (y1

j,
y2

j, …, y23
j ) by adding the bootstrapped deviation term ei

j to the
corresponding solutions of Eqs. (20)–(23) for each data point.

We estimate bootstrapped model parameters uj¼ (yt0
j , a0

j, b0
j,

C01
j , yt1

j , a1
j, b1

j, C10
j ) for each bootstrapped technology perform-

ance data set Yj, where yt0¼ y0*(t¼ 0) and yt1¼ y1*(t¼ 0). We
build an empirical probability distribution MPe(te; u) at time te
(40< te< 44) by setting a probability of 1/1000 at each point
MP(te; u1), MP(te; u2),…, MP(te; u1000), where MP(te; uj) is the
solution of Eqs. (18) and (19) for the passenger airplane dimen-
sionless performance y0* at time te with eight parameter values
given by uj. The empirical probability distribution MPe(te; u)
describes the parameter uncertainty in the passenger airplane per-
formance prediction. The empirical probability distribution
MAe(te; u) for the dimensionless turbofan aero-engine perform-
ance could be derived in the same manner.

To estimate data uncertainty, we construct an empirical proba-
bility distribution Ee(e) from the sample E0¼ (e1, e2,…, e23) by
setting a probability of 1/23 to each element in the sample E0.

Above all, we derive a 100(1� a) % prediction intervals for the
dimensionless passenger airplane performance y0* at time te
(40< te< 44) by

½MPa=2
e þ ea=2

e ;MP1�ða=2Þ
e þ e1�ða=2Þ

e � (25)

where MPe
a/2 and MPe

1�(a/2) are the a/2 and 1� a/2 percentiles of
the MPe(te; u) distribution, ee

a/2 and ee
1�(a/2) are the a/2 and 1� a/2

percentiles of the Ee(e) distribution. Similarly, the 100(1� a) %
prediction intervals for the dimensionless turbofan aero-engine
performance y1* at time te (40< te< 44) could be derived as

½MAa=2
e þ ea=2

e ; MA1�ða=2Þ
e þ e1�ða=2Þ

e � (26)

We have one turbofan aero-engine data point at 2002 (te¼ 42).
The distribution percentile 87.0% overlaps that actual data point
at 2002. The 87.0% distribution percentile corresponds to 74.0%
prediction interval. The confidence level a associated with the
74.0% prediction interval equals 0.260. Thus, we use the confi-
dence level ae¼0.260 to generate prediction intervals in the next
step.

As the final step, we fit the 24 data points of the passenger air-
plane and the turbofan aero-engine performance evolutions
(n¼ 24) from 1960 to 2004 (T1¼ 0, T2¼ 44) with Eqs. (18) and
(19). The ordinary least-squares estimation produces the fitted
model as follows:

dy�0
dt
¼ 0:267y�0 � 0:612y�0

2 þ 0:580y�0y�1 (27)

dy�1
dt
¼ 0:0346y�1 � 1:71�10�8y�1

2 þ 4:32 � 10�10y�1y�0 (28)

y�0 t ¼ 0ð Þ ¼ 0:0797 (29)

y�1 t ¼ 0ð Þ ¼ 0:224 (30)

Following the procedure described earlier in this section, we
generate 74.0% prediction intervals (ae¼ 0.260) for the passenger
airplane performance evolution from 2004 to 2008. The results
are shown in Fig. 2. The 74.0% prediction intervals create a gray
area that covers the actual data point (rhombuses on Fig. 2) in
2005. We also show the 95% prediction intervals (a¼ 0.05) in
Fig. 2. Again, Fig. 2 shows that the 95% prediction intervals are
much wider than the 74.0% prediction intervals generated by our
method.

Of note, the lower limits of 74.0% prediction intervals are
smaller than the latest passenger airplane performance (the pas-
senger airplane performance at 1988) during 1960–2004. In this
case, designers should substitute the latest system technology per-
formance for the lower limits of the prediction intervals generated
by our method because technology performance monotonically
increases over time. Although some technology performances in
future periods may not exceed the top technology performance in
the past, designers usually ignore these performances and focus
on the better performance that a technology may achieve in a
future period.

The Lotka–Volterra ecosystem model allows designers to pre-
dict the performance of system and component technologies with
improved accuracy. The ecosystem model also quantifies the
interaction between the technologies [6]. For example, the param-
eter C01 in Eq. (18) captures the impact of the turbofan aero-
engine on the passenger airplane performance evolution; the
parameter C10 in Eq. (19) reflects the impact of the passenger air-
plane on the turbofan aero-engine performance evolution. Impor-
tantly, the method presented in this paper provides the probability
distribution of each parameter in a prediction model. For system
models, designers could evaluate the interaction between the tech-
nologies from the probability distribution and make more
informed R&D and outsourcing decisions. For example, we can
construct empirical probability distributions for the eight parame-
ters in Eqs. (20)–(23) from uj. The histograms of C01/a0 and
C10/a1 are shown on Figs. 4 and 5. The results indicate that the
development of turbofan aero-engine has considerable impact on
the passenger airplane evolution because the value of C01/a0 has a
median of 1.44 and a probability of 80.8% that C01/a0> 0.1.
Meanwhile, the advancement of passenger airplane performance
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has limited impact on the turbofan aero-engine evolution. The
value of C10/a1 has a median of 0.337 and a probability of 54.7%
that C01/a0> 0.1. Thus, in order to improve the passenger airplane
performance, the first priority is to invest in the R&D of the turbo-
fan aero-engine. However, the opposite is not true. Investment in
the R&D of the passenger airplane is unlikely to be an effective
strategy to improve the performance of the turbofan aero-engine.

In this passenger airplane case study, we model only the inter-
action between one system technology and one component tech-
nology. In the case of one system technology interacting with
multiple component technologies, designers could use a system
model associated with our method to identify the key component
technologies that have significant impact on the system technol-
ogy evolution (e.g., through the probability distributions of param-
eters C in the Lotka–Volterra ecosystem model [6]). Designers
would consider developing and manufacturing these key compo-
nent technologies in-house, or establish a partner relationship
(e.g., through joint R&D, cross-shareholding, or exclusive supply)
with the suppliers of these component technologies. Meanwhile,
other component technologies that have limited impact on the sys-
tem technology evolution may be considered for outsourcing [6].

6 Conclusions and Future Work

We introduced a general method that uses bootstrapping to gen-
erate prediction intervals for technology evolution prediction. The
novelty of our work is in the application of bootstrapping to esti-
mate parameter and data uncertainty for technology evolution

prediction and in determining confidence level a from a holdout
sample analysis. The method can be applied to any technology
evolution prediction model based on mathematical functions or
differential equations involving time that predicts the incremental
change in technology performance. We consider parameter uncer-
tainty and data uncertainty and establish their empirical probabil-
ity distributions. We determine the appropriate confidence level a
required to generate prediction intervals using a holdout sample
analysis rather than setting a¼ 0.05 as is frequently done in previ-
ous research. In addition, our method provides the probability dis-
tribution of each parameter in a prediction model. We outline four
steps for designers to generate prediction intervals in technology
evolution prediction in practice. We use CPUs and passenger
airplanes prediction intervals generation as two case studies to
illustrate these steps and validate our method.

The use of bootstrapping and holdout sample analysis can
provide practically useful prediction intervals for the trend that
technology evolution is expected to follow. These prediction
intervals can be used by designers and decision makers to esti-
mate earliest-latest technology availability, set reasonable R&D
targets, and make contingency plans. The probability distribution
of each parameter is valuable for designers when the parameter
value is associated with the impact factors of technology evolu-
tion (e.g., performance upper limit in the logistic S-curve model
or technology interaction in the Lotka–Volterra ecosystem
model). In system models, the probability distribution of a corre-
sponding parameter indicates the interaction between the system
and the component technologies. Designers could evaluate the

Fig. 4 Histogram of C01/a0 distribution in Eq. (20)

Fig. 5 Histogram of C10/a1 distribution in Eq. (21)
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interaction between the technologies from the probability distri-
bution and make more informed R&D and outsourcing
decisions.

This paper has some limitations that offer opportunities for
future research. We use CPUs and passenger airplanes as two case
studies to validate our method. The method could be applied to
more case studies from other industries. Future case studies could
also explore time periods when the prediction intervals become
sufficiently wide and lead to a discontinuity in technology evolu-
tion that signifies potential technology substitution. The proposed
method, in particular, the strategy of using a holdout sample analy-
sis to determine an appropriate confidence level a, is also applica-
ble to diverse domains (e.g., econometrics, demography, and
marketing) beyond technology evolution prediction. Moreover,
our method does not consider model uncertainty in prediction
intervals generation. Researchers could consider developing math-
ematical procedures for selecting optimal prediction models or
estimating the model uncertainty in technology evolution predic-
tion through a Bayesian approach. In addition, there are alternative
methods to estimate parameter uncertainty and data uncertainty in
technology evolution prediction. For example, researchers could
use sensitivity analysis or Bayesian approach to estimate parame-
ter uncertainty in the future. If there are more than 30 technology
evolution data points or if researchers have practical reasons to
make a parametric assumption for the random error term, Monte
Carlo simulation could be used to estimate data uncertainty in
technology evolution prediction. The results of these methods
could be compared with those of our approach in the future.
Finally, researchers may use the proposed method to explore the
interaction between technology evolution and marketing models in
the future. The proposed method provides the probability distribu-
tion of each parameter in a technology evolution prediction model.
The probability distribution of a parameter could be associated
with a marketing model, the empirical formula for which may be
developed by future research. For example, the value of parameter
a0 in Eq. (18) is related to R&D expenditures on system technol-
ogy. Greater R&D investments on system design and optimization
increase the value of a0 in Eq. (18). Practitioners could establish an
empirical formula between the amount of R&D investment and the
value of parameter a0 in Eq. (18) to predict the impact of their
investment on system technology performance.
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