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Adoption and Diffusion Speed of New Technology with Network
Externality in a Two-level Supply Chain : An Approach to
Relative Factors in Buyer-Supplier Relationships
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m Abstract =

This paper develops a model to predict the adoption and level of usage of network technology in a two-level supply
chain with buyer-supplier relationships. A firm’'s adoption of a new technology depends not only on its own beliefs of the
new technology’s costs and benefits, but also on the adoption decisions of other firms in the supply chain. A model first
analyzes an individual supplier's decision about a new technology adoption considering with multiple suppliers and buyers.
Individual suppliers’ decisions are aggregated with a population model to project how new technology diffuses across the
supply chain and examine the pattern of diffusion process. This study found that as more firms adopt in initial periods, the
total amount of information to the potential adopters in the population increases, and then the number of firms persuaded
by the information increases as the process moves up the distribution of adoption process. We consider three factors influenc-
ing the diffusion speed of the new technology in a supply chain network : mean benefits, cost sharing, and information provision.
This study examines how such factors affect the reduction of threshold levels, which implies that reductions in threshold
levels have an aggregate effect by accelerating the rate of adoption. In particular, we explore relationship factors available
in practice in a buyer-supplier relationship and numerically examines how these relationship factors contribute to increase
the diffusion speed of the technology in a two-level supply chain
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1. Introduction

Over the past decade, network technologies
such as electronic data interchange (EDI), point
of sales (POS), and radio frequency identifica-
tion (RFID) have been promoted with the pre-
mised benefits in a supply chain. Such tech-
nologies cause significant changes internally in
processes, work routine, and the patterns of in—
teraction among units within an organization [1,
4] and among organizations as well. At the firm
level, firms must consider several factors before
making a decision to adopt a new technology:
should they adopt a new technology now or wait
and see how others do? Or should they wait for
other more advanced technology? Will the ben-
efits of the new technology outweigh the costs?
The diffusion of new technologies or innova-
tions in the network occurs through the learn-
ing process by information and knowledge trans-
fer by the embedded organizations [35]. That is,
potential adopters are largely influenced by pri-
or adopters, and the level of influence by them
may be different by various factors. These rea—
sons may lead to different adoption timing. The
motivation of this research starts from follow-
ing research questions. How do firms make a
decision to adopt new network technologies in
a network with multiple levels? Why do they
adopt it at different points of time across a
population? What are the factors that stimulate
the diffusion process of technologies in a supply
chain network? What relationship climate fac-
tors in a buyer-supplier supply chain are im-
portant for predicting the adoption and usage of
technology?

We first develops the decision model to ex—

plore inter-organizational relationship factors

to predict the adoption and level of usage of
network technology in a buyer—supplier rela-
tionship. The model focuses on a supplier's adop-
tion decision in a buyer-supplier relationship.
A supplier’'s adoption decision of a new tech-
nology depends not only on its own beliefs
about the benefits of technology, but also on
the adoption decisions of other suppliers and
the size of adoptee buyers by network exter-
nality in the network. Potential adopters up-
date their beliefs about the potential of the
technology through the observed outcomes by
information collected from others in the net-
work. Through information flows, uncertainties
about the benefits of technology will be reduced
over time. In each period, potential adopters face
adoption decisions with the updated estimate of
adoption benefit. In particular, we considers two
relationship factors available in practice bet-
ween organizations to observe the effects of
these factors on the adoption process in a buyer-
supplier relationship; the dependence on the
others (i.e. the supplier's dependence level on a
buyer) and the openness for information shar-
ing (i.e. the supplier's willingness to share in-
formation). Considering all the components of
the estimated benefit above, we derive an in-
dividual firm’s decision model to identify how
a firm decides to adopt the technology in a
two-level supply chain. Then, by aggregating
dynamics from individual firms' decisions, we
see how the technology diffuses across firms
and examine under what conditions are impor—
tant to make to speed up the diffusion process.
The population model actually allows consid-
ering the effect of several strategies observed
in practice and can yield some valuable mana-

gerial insights contribute to increase the adop-
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tion rates of the technology in a two-level
supply chain.

In the second part of the paper, we seek
several factors influencing the diffusion speed
of the new technology in a supply chain net-
work. More importantly, we consider about how
to push up the time that the process begins to
accelerate and which factors are able to make
to speed up the diffusion process in the initial
periods. This part also introduces relationship
factors available in practice in a buyer—supplier
relationship: the dependence on a trading part-
ner (ie. the supplier’s dependence level on a
buyer) and the openness for information shar-
ing (i.e. the supplier's willingness to share in-
formation with other suppliers). By these two
relationship factors, four different types of firms
can be categorized in a set of firms of a major
trading partner. These findings will provide some
valuable insights for firms who wish to im-
prove the adoption rates of their trading part-
ners in a two-level supply chain. For example,
a firm can use either persuasive or coercive
approaches to encourage their trading partners’
adoptions, depending on their types.

This study follows a stream of technology
adoption literature and makes a contribution to
it. Many prior studies showed that the adoption
decision rules are determined through informa-
tion—updating process for uncertain benefits of
the new technology. In particular, this study has
similar research questions and modeling approach
as the literature by Chatterjee and Eliashberg
[8]. They presented a model to explicitly cap-
ture the effect of uncertainty on the firm’s utili-
ty and to aggregate individual firms’ decisions
to produce a diffusion curve. They also intro-

duce a stochastic element to the diffusion pro-

cess. Recently, Whang [36] considered adoption
timing of RFID technology in a supply chain as
another related paper. He proposed that the cost
split will be able to speed up the retailer’s adop—
tion under some conditions. That is, he showed
that the equal-cost-split arrangement always
induces the upstream (suppliers) to adopt RFID
earlier than under no cost sharing. But this
study differs from theirs in that none of these
papers consider the effect of other adoptee firms
on the availability of information signals. The
impact of firms' adoption decisions on the oth-
ers is new to this literature. For the inter— or-
ganizational technology, none of existing liter-
ature consider relationship factors to predict the
adoption of the technology by a set of suppliers
and buyers in a multiple level of supply chain.
In this study, some relationship factors avail-
able in practice are considered by a set of sup-
pliers of a major trading partner (buyer) in a
buyer-supplier relationship and are examined
how these relationship factors contribute to in-
crease the diffusion speed of the technology in
a two-level supply chain.

The rest of this paper is organized as fol-
lows. Section 2 reviews the relevant literature.
Section 3 describes the individual adoption model
and develops it into a population model. Sec-
tion 4 analyzes factors influencing the diffusion
speed of new technology in a two-level supply
chain. Section 5 explores relationship factors
leading to technology adoption in a buyer-sup-
plier relationship. We conclude and discuss fu-

ture research direction in $6.

2. Literature Review

There has been considerable research for the
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adoption and diffusion of technologies and in-
novations. First, many prior studies showed
that the adoption decision rules are determined
through information-updating process for un-
certain benefits of the new technology. The
Bayesian modeling approach to conceptualizing
the information integration process has been em-
ployed in many models for technology adop-
tion. Oren and Schwartz [27] shows that con-
sumers are Bayesian in that they update their
uncertainties by combining the observed out-
comes with their prior uncertainty according to
the beta-Bernoulli updating. They also consider
that the consumer will adopt once passing a
risk-aversion threshold. McCardle [26] and Ulu
and Smith [34] presented that the firm updates
its distribution of the firm’s belief after col-
lecting a piece of information, accounting for
the new information in a Bayesian fashion.
McCardle [26] considered the technology adop-
tion decision for a firm using a dynamic model
where, in each period, information can be pur-
chased to update the estimate of adoption be-
nefit. Ulu and Smith [34] recently extended that
model to consider general probability distribu-
tions for benefit and general information signals.
Chatterjee and Eliashberg [15] adopt a similar
approach to Oren and Schwartz [27]. They ap-
plied normal-normal Bayesian updating for the
potential adopter’s perception of the innovation
as one unit of new information is received. They
also introduce a stochastic element to the dif-
fusion process. Eliashberg and Chatterjee [8]
has more comprehensive treatment of the sto-
chastic models in diffusion. In our model, the
firm’s benefits from an adoption depend upon
one’s belief updated by the total amount of in-

formation from previous adopters. This study

enrich the above literature by revealing the
possibility of the effects of network externality
in the multi-level supply chain and considering
relationship factors available in practice in
buyer-supplier relationships.

Second, a firm’s adoption of an innovation in
network may give rise to positive externalities.
The concept of network externality has been ap-
plied in the economics literature earlier. Katz and
Shapiro [18] and Farrell and Saloner [10] con-
sider the choice of standards and technology us-
ing the game-theoretic models. All of these
studies developed decision problems through the
welfare effects of aggregate behavior. As a re-
cent literature for technology choice considering
positive network effects, Kornish [20] have stud-
led the decision problem facing a consumer with
a choice between two competing technologies
each subject to positive network benefits, using
a decision-theoretic model and a stochastic proc—
ess that captures the dynamics of market share
of two competing technologies. This study con-
siders that adoption can generate information
flows across a same population group which may
spill over to the rest of the industry, and the tech—
nology have network characteristics that give
rise to positive externalities between two pop-
ulation groups. The firm’s benefits directly de-
pend on the number of adopters in other pop-
ulation group connected through the technology
on supply chain network. In addition, the number
of adopters in the same population by any given
time will indirectly affect the adoption decision,
even though some firms are not connected di-
rectly in the network.

Lastly, for the inter-organizational relation—
ships between firms in the context of techno-

logy adoption literatures, many supply chain ma-



YEQZ SIREHE T T WA FFAAANG A71% 97 SEE] o A7 55

nagement literatures have applied the power
source literature to the analysis of marketing
channel relationships, finding that the different
bases of power will affect inter—firm relation-
ships in significant yet contrasting ways. Exis—
ting study has shown the factors affecting tech-
nology adoption in inter-organization and how
the buyer-supplier related IT infrastructure in-
fluences the firm’s performance [23, 24, 33]. For
the dependence on the other firm, the review of
the marketing power literature indicates the sig-
nificant effects of power upon inter—firm rela-
tionships in a supply chain. Maloni and Benton
[25] and Benton and Maloni [3] study the power
influences in the supply chain from empirical
tests. They provide that the power-affected
buyer-supplier relationship was found to have a
significant positive effect on both performance
and satisfaction from the test. Hart and Saunders
[15] have developed a theoretical framework,
positing relative power and trust between trading
partners as determinants of EDI adoption and
usage. They empirically test that the greater the
sales revenue from a retailer, the more dependent
the supplier is on that retailer, so its power level
is low. In this paper, a supplier's degree of power
1s defined as the measure of dependence on a
buyer population. For the openness for in-
formation sharing, there are several literature in
this field. The concept of the threshold model in
this paper i1s similar to that of Rogers and
Kincaid [32] who consider that an individual is
more likely to adopt an innovation if more of the
other individuals in his or her personal (local)
network have adopted previously. Most of prior
threshold models assume that all potential adopt-
ers receive the same amount of information by

previous adopters in a population. In this case,

firm’s beliefs are primarily driven by the attrib-
utes of individuals. In the network, however, in—-
dividuals’ beliefs can be explained by the level
of openness for information and knowledge
sharing through the patterns of interactions be-
tween them. That is, firms with a high level of
openness are more likely to receive the in-
formation and knowledge from others. Therefore
firms’ threshold values are distributed heteroge-
neously across the population, and then it en—
ables to derive dynamics for the distribution of
the threshold values to see the shape of adoption

curve over time.

3. Models

This paper consider a two-level supply chain
network with multiple suppliers and buyers, N
buyers and A suppliers. Firms in each pop-
ulation may have different benefits and costs
from an adoption based on their own network
sizes. Individual firm’s network size is defined
by the number of trading partners in the other
population group. That is, one buyer (supplier)
may have more or less suppliers (buyers) than
other buyers (suppliers) at any given time. This
paper focuses on a supplier’s adoption decision
model in a buyer-supplier relationship. We as-
sume that the buyer’s adoption process exoge-
nously given over period, which is commonly

known.

3.1 The Benefits

As already defined it earlier, the firm's benefits
from an adoption come from two sources: in-
ternal benefits and coordination benefits from

trading partners. Firm’s benefits are determined
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by the prior beliefs about the benefits from an
adoption and her own network size by exter-
nalities. It 1s usually considered that larger net—
work size yields greater returns by network ex-
ternalities [9]. In the model derived below, the
supplier's network size is defined by the combi-
nation of its dependence level and the number of
linked users on a buyer population. Only network
size at the date of adoption is considered and the
size may change over time in such a way that
the whole benefit distribution not only shifts but
also changes shape of distribution.

The supplier j's network size is Q,(t) =wn,
where w; is the supplier j’s fraction of his de-
pendence level, which is defined as the ability of
one firm to affect the intentions and actions of
firms on the other side. We assume that it is
is the

number of buyers who have adopted by time ¢,

known but differ across firms by (0, 1). n i
which is exogenously determined, and linked
with supplier j, j=1,---, M. m and n, are com-
monly known to all firms at the beginning of
each period. The supplier's benefits depend upon
their network size and belief about benefits from
an adoption. The supplier j's benefit function is
given by
B(t) =10, Qt), ;) =wn,u,, (1)
where j=1,--, M. p, represents the supplier
#’s beliefs about unknown benefits at time pe-
riod t. It will be updated by information coming
from prior adopters over time. We assume that
the supplier’s benefits from adoption are no-
rmally distributed with unknown mean u(>0)
and variance ¢, which is independent and iden-
tically distributed among suppliers and time pe—

riods.

3.2 The Costs

The cost structure simply consists of two com—
ponents: fixed and variable costs. The fixed costs
are incurred once at the time of installation on
both buyers and suppliers. There is no variable
cost for buyers and only supplier charges variable
costs for tags continuously. ¢ is the fixed costs
and ¢, is the variable costs of the supplier. It as-
sumes that there is no any discount rate, so the
installation costs are same through all periods
across all suppliers. In general, discounting factor
might significantly affect the benefit-cost struc—
ture, but it would distract from the main analysis
because this study focuses on aggregate dynamics
based on the individual firms’ myopic adoption
decision of the new technology at any given time.l)

The supplier’s costs are defined as

C}(t):cf—kn, c (2)

jtvy

where n, is the number of buyers who have

it
connected with a supplier j and already adopted
by time ¢. The adoption costs, ¢, are also same
at every time period across all suppliers, whereas
they all may have different variable costs for
tags by different size of network n,, which is

the number of buyers.2) In this model, suppliers

1) Focusing upon the long-term decision about the
technology adoption, we need to construct the deci—
sion model considering net present value, the dis-
count rate and return on investment. But, in this pa—
per, the discount rate is ignored because this study
considers the individuals’ myopic decision models at
any given time and also focus on the impacts of the
perception updated from information and the net-
work size on firms  decisions.

In general, the number of items or pallets should be
considered for the tag costs, but only the number of
linked buyers is considered because we have already
assumed that all buyers are identical in size. If this
assumption is relaxed, the problem will get more
complicated because all firms have different pro-
duced items at different times.

oo
=
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are not allowed to make change their decisions.
In other words, suppliers adopt it once and they
do not switch back to the existing legacy system
within the time frame of the analysis. This is a
reasonable assumption for many technology mar—
kets under consideration, particularly when the
goods, In general, are durable and switching
costs are relatively high.

3.3 The Adoption Decision

This section provides the adoption decision
rule for the supplier, based on the benefit-cost
structure provided from previous sections. At
any given time ¢, a supplier will have seen prior
outcomes from other priors in the same popu-
lation. In a continuous time phase, the total prior
outcomes by time ¢ are measured by the cumula-
tive amount of information generated by all prior
adopters. Let p(t) be the proportion of adopters
at time ¢, and set that p(0) =0. I can simply define
the cumulative amount of information generated
by all prior adopters by time ¢ which is given

by the integral under the adoption curve, namely,
t
(t)= (s)ds.
q / Op S S

To make a decision, suppose that each supplier
has a prior belief about the benefits with un-
known mean y and unknown precision p(=1/0%).
For each value of p, the conditional distribution
of p is normally distributed with mean g, and
precision pr; [6]. Low values of f1;, Mean pessi-
mism about the benefits from the adoption and
low values of pr; reflect flexibility in beliefs. At
starting point of the process, if supplier j's bene-
fits are initially larger than the costs, he will

want to adopt. Otherwise, he will not adopt now

and update the beliefs about the benefits by in-
formation flow. The supplier updates the percep—
tion of the technology and the uncertainties about
it are reduced over time. Assuming that the sup-
plier is equally likely to see any outcome from
buyers who have already adopted it, supplier’'s
information flow can be modeled by followings.
Let fuﬂ be the number of supplier j's observa-
tions by time ¢, and the expected number of sup—
plier j's observations by time ¢ iSE[ZT/[jt} = ajq(t),
where the parameter o, represents the degree of
openness which is the willingness to share in-

formation in a same population (among suppli—

ers). q(t)= / tp(s)ds is the integral under the

0

adoption curve, which means the cumulative in-
formation collected from all suppliers who have
already adopted by time t. That is, they may
have different weights of «; and will have differ—
ent amount of information by their different de-
gree of openness for information and knowledge
sharing.

Let 7, be the realization of M, and m, be the
mean of the benefits among 7, observations at
time ¢. I assume that m , is normally distributed
with mean p and variance o°/7,. By the nor-
mal-normal updating process, supplier j's poste-
rior estimate of the mean benefits, 4, can be de-
fined as the weighted average of the prior and

the observed mean [6], namely,
Hje = (ijﬁjf i)/ (L +7).

Substituting this into (1), supplier j's benefits
from an adoption at period ¢ is B;(t) = wn,, + (I,m,,
+7u,)/ (L, +7,). If supplier j is myopic, then he

will adopt when the benefits are at least equal
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to the fixed adoption costs ¢;, which is,

e ([ﬁﬁit 1) = (op e, ) (L, +7).
Suppose that mj, follows the standard normal
distribution with mean 0 and standard deviation
1, so it can be rewritten as my, = pu+(0z,//I,).
As defined earlier, 7, =ayq(t), thus rearranging

Js
this inequality,

(e +ry0,) —wnm, )7,

Q; (wjnﬁ;t— (cf + n;,C, ))

q(t) =

w0 Valt)

2.
Voy (wjnﬁu — (cf + n4C, ) gt

Supplier j's threshold level of the amount of
information at time ¢ is defined as r;,, which is
the first term of the right-hand side of this in-
equality

:—(f(wnwﬂ_“c)) 3

From (3), supplier j adopts as ¢(¢) passes the
marginal information level r;,. By observation,
firms with high threshold values are pessimistic
about the technology: low initial belief for the
technology or small number of previous adopters
(large values of (¢, +njc,) —wn,u,), high level of
uncertainty (large 7,), low marginal profits (low
values of wnu—(c; +n,c,)), and relatively unin-

formed knowledge from previous adopters (low

).

3.4 Aggregating Dynamics

The myopic decision rule has been developed

from the updating process of individual's belief

about the benefits of technology adoption. Sup-
pliers adopt when they see certain positive out-
comes from the information of previous adopters.
That is, a supplier adopts once getting its mar-
ginal information levels for adopting the technol-
ogy, which is called by the threshold levels.
Based on the individual’'s adoption decision in the
previous section, this section is to embed it into
a population model to see how the technology
diffuses.

Let ¢(g) be the probability that the firm is
ready to adopt the technology, given that the cu-
mulated information collected by the prior adop—
ters is ¢. In other words, this is the probability
that a firm’s information thresholds have been
exceeded by the total amount of information from
the previous adopters, ¢(q) =Pr(r <¢). Suppose
that supplier j's number of observations, I, is
Poisson distributed with mean aq and M, is nor-
mally distributed with mean p and variance o*/d,
given any observation 7,=d(>0). The proba-
bility that supplier j(=1, ---, M)’s threshold level

exceeds the amount of information by time ¢ is
#;(q(t) = Y Pr (L, =dlag) - o( +) (4)

where ¢ is the standard normal cumulative
distribution function.3)

We next see the aggregate dynamics of this
process. The dynamics can be determined by the
distribution of the threshold levels in the popu-
lation. Let F(g) be the cumulative distribution
function of the information threshold levels in a

population.

3) o(+)=

5 (wjnj,u — (c/--‘r nﬂyc)) Vd ((c‘/v+ nﬂc?,) — wﬂLﬂuﬁ)Tj .

a B 0\/3
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Flg(t) =33¢,(q(t), t>0, ViE{l -~ M} (5)

J

where ¢(q(t)) is defined as (4). F(g) is a mono-

tone non-decreasing function and lim #(¢) may

g—co
be less than 1 since the firm with the infinite
threshold value should be allowed. Let p(¢) is the
proportion of adopters at time period ¢t and we
assume that p(0) =0, i.e. the process starts in pe-
riod zero when no one has adopted yet. In the
mitial period, however, some firms may adopt the
technology, which are called by innovators or
early adopters. They are in the fraction F(0) of
the population, 7(0) >0, and £ has a continuous
density f. The reason is that the process is ini-
tially driven by the innovators who represent a
positive fraction F(0) of the population by as-
sumption. From (11), the dynamics for the dis-
tribution of the firms’ threshold values can be
derived. The proportion of the population whose

thresholds have been exceeded is F(g).

Recall ¢(t) = / tp(s)ds, which is the cumulative
0

amount of information collected from prior adop-
ters in a same population by time ¢. p(t) is the
proportion of adopters in each population at time
t, and F(q(t))—p(t) is the proportion of potential
adopters at time ¢, that is, the proportion of re-
maining firms whose thresholds have been ex-
ceeded but have not adopted yet at time ¢. Let
A be the instantaneous rate at which these re-
maining firms adopt. A is constant to make it
simple. The instantaneous rate can be relaxed in
some limit later. Then the adoption process by
the differential equation in the discrete time set—
ting is given by p(t+1)—p(t) =A[F(gt))—p(t)]. In
the continuous time setting, this can be rewrite

as, simply,

p(t) =AF(g(t))—p@)], t>0, A>0 (6)

It shows that firms use the accumulated in—
formation from all prior adopters in a same pop—
ulation group. This equation is always positive,
which means that the rate of adoption increases

for all time.

3.5 The Diffusion Curve

This section examines the pattern of diffusion
based on the aggregate dynamics. As Chatterjee
and Eliashberg [8] addressed about it, the shape
of the curve can be determined by convexity or
concavity properties and by the number and lo—-
cation of inflection points. It 1s a well-known fact
that, in general, when the number of users of a
new technology or product is accumulated over
time, the curve is typically an S-shaped. That
1s, adoption proceeds slowly at first, and accel-
erates as it spreads throughout the potential
adopting population, and then slows down as the
relevant population becomes saturated. To track
the diffusion curve over time in our model, equa-
tion (6) first should be differentiated with respect
to tagain. The second order (acceleration) equa-
tion is p(t) =Alp(t)f(g(t)) —p(t)].

From this acceleration equation, we can first
examine the shape of the curve of the initial
period. When ¢ is 0, the first term in brackets
is zero and the second term is not zero because
p(0)=0 and p(0) = A#(0) >0 since F(0)>0. Thus,
the equation (7) is less than 0. When ¢ goes to
0, that is, in the initial period, we can state it as
limp(t) = —X2F(0). The above will be less than

t—0
zero since F(0) >0 and p(¢) is close to 0 as t —0.
We can see that the adoption curve has weak

growth in the early phases and there is a weak
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acceleration in the initial period until arriving at
some point that the process begins to accelerate.
Intuitively, the reason is that there are only few
early adopters in the initial period, so the amount
of information collected from them is not enough.
Moreover, early adopters are not willing to share
the information about the technology until the
outcomes from adoption will be validated later.

Next consider about the inflection point of the
adoption curve. Let ¥, and Y, denote the fraction
of the early adopters and potential adopters in
each population. Then G() =Y, + Y,F(q(t)) is the
penetration curve for proportion of the population
in which firms are ready to adopt by time ¢. The
first term, Y}, is the proportion of firms who will
adopt the technology immediately, F(0). These
firms have no any information from prior adopt-
ers when they make a decision to adopt.

These firms determine the initial fraction of
adopters at the starting point of diffusion pro-
cess. The second term represents the proportion
of the population in which thresholds have been
exceeded by the cumulative information in any
period t. That is, they are ready to adopt it. In
here, only the second term determines the shape
of an adoption curve because the adoption curve
totally depends upon the change of F over time.
As addressed earlier, the number and locations
of inflection points are determinants for the shape
of the adoption curve. The inflection point ac-
tually occurs when a curve increases or decrea—
ses most rapidly. The first-order inflection point
occurs when the rate of adoption is fastest and
the second derivative equals to zero. The sec-
ond-order inflection point occurs when the rate
of the rate of adoption is fastest and the third
derivative equals zero [35]. G(t) can be differ-
entiated as G(t) = Y,p(t)f(g(t)), t>0.

Proposition 1 : 7he rate of adoption is fastest
at time t such that G(t) =0 is satisfed (See proof
in Appendix). That is,

It is actually difficult to find the second-order
inflection points in our diffusion model. There-
fore we need a reasonable approximation to ex-
amine the whole shape of a diffusion curve, using
two different patterns of information flows. Follo—
wing Chatterjee and Eliashberg [5], two patterns
of information flows over time can be examined
in the model-monotone decreasing rate and

monotone increasing rate of information.?

Monotonically decreasing information rates
If the information rate is monotonically de—

creasing, zik(t) is less than zero. Differentiating

G{t) with respect to t again, then,
At) = Yyp(t)f(a(t)) + Yo' (1)f (q(t)), t>0.  (7)

At any time t>#, this double-differentiated
equation is less than 0 since p(t) <0 and f (¢(t))
<0. Therefore, the diffusion curve should be con-
cave for t<t<oo(See [Figure 1()]).

Let ¢, denote any possible point of time that
the rate of information flow changes rapidly after
a slow diffusion in the initial period. For ¢, <t

< t, if we have the following condition

f(q(t))
fla(t))

p(t) < —p*(t)

4) To illustrate the shape of the diffusion curve, Chatterjee
and Eliashberg [5] consider three patterns of infor-
mation flows over time-constant, monotonically de-
creasing, and monotonically increasing. In our work,
however, the constant rate is ignored.
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Thus, the penetration curve will be concave in
this range. As shown in [Figure 1(i)], there is
no inflection point in the whole process because
the initial period (0<t <t¢,), the second period
(t, <t <t), and the third period ({<t<oo) are

concave for all ¢>0.

Monotonically increasing information rates

If the information rate is monotonically in-
creasing, p(t) is larger than zero. From equation
(8), at any time ¢ < ¢, G(t) >0 since p(t) >0 and
f (g(t)) >0. Therefore, the adoption curve should
be convex for ¢t <¢ (See [Figure 1(Gi)]). After a
slow diffusion in the initial period, the speed of
adoption of technology will rapidly increase by
the increasing rate of information. In this case,
there exists a second-order inflection point satis—

V)=V "in the range t <.

fying the condition,
For {<t<oo, it is not easy to find the inflection
points.

Instead, we can intuitively think of the case
that f(¢(t))—0 as ¢(t) — . For this argument, we
analyze that the rate of information flow will de-
crease and then go to zero as t goes to infinity.

That is,

F(g(@)

L

t

o
T, | P, (.
Lo 1 SR

(i) Monotonically Decreasing Information Rates

lim G(t) = p(t)f(q()) +1* (1)f (q(t)) <0,

t—oo

because of f(q¢(t)) —0 and f(¢(t)) >0 as t— oo.
Thus, the adoption curve should be concave in
this range. In this case, there should exist one
first-order inflection point and at least two sec—
ond-order inflection points since the initial part
of the diffusion curve is concave, the second part
is convex, and the third is concave. This draws
the traditional S—curve in the diffusion model as
shown in [Figure 1(i)].

In the initial phases, the diffusion of the tech-
nology is initially driven by very few adopters
who are convinced that this technology is good
enough (pure inertia) or who are persuaded by
mandates from powerful firms in the market.
Once this situation is overcome by increase of
the cumulative information from all previous
adopters at some time point, there is rapid ac—
celeration by the information collected from prior
adopters, combined with the increasing number
of firms who are persuaded by the new infor-
mation. Therefore, in order to increase the adop—
tion rates in a supply chain rapidly, more firms

should adopt in the initial periods. In other words,

F(q(®)

) B e

0 | ; t

(i) Monotonically Increasing Information Rates

[Figure 1] Diffusion Curves in Two Different Types of Information Rates
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as more firms adopt initially, the total amount of
information to the potential adopters in the pop-
ulation increases, and then the number of firms
persuaded by the information increases as the

process moves up the distribution.

4. The Factors Influencing the
Diffusion Speed

In this section, we consider about how to push
up the time that the process begins to accelerate
and which factors are able to make to speed up
the diffusion process in the initial periods. This
section introduces three factors influencing the
diffusion speed of the new technology in a supply
chain network : mean benefits, cost sharing, and
information provision. We examine how such
factors affect the reduction of threshold levels,
which implies that reductions in threshold levels
have an aggregate effect by accelerating the rate

of adoption.

4.1 The Mean Benefits

The mean benefits from the adoption are con—
sidered as a key factor to shift the individual

firms’ threshold values.

Proposition 2 : 7he adoption occurs more rap-
idly in firms with higher mean benefits from
adoption than in those with lower mean benefits.

(See proof in Appendix.)

If it is assumed that ¢ is the same threshold
level for all two populations, the distributions
satisty F,(q) = F,(g) for all ¢, that is, F, first-or-
der stochastically dominates #},. Under these con-

ditions, adoption occurs more rapidly in firms

with higher mean benefits than in those with
lower mean benefits. In other words, p,(t) > p, (t)
is satisfied for all time ¢. This result can be also
used in the case of firms with different mean
benefits each other if we relax the assumption
that all firms in same population group are iden—
tical in the mean benefits from same size and

capacity.

4.2 Cost Sharing with Partners

One of big hurdles of technology adoption may
be the cost issue. The adoption costs include the
cost of infrastructure as fixed costs and some
operating costs as variable costs. For example,
we consider the case of the adoption of radio fre-
quency identification (RFID) in supply chains.
Industry experience with its adoption shows that
some firms, especially on the supply side in the
retail industry, have had some significant cost
1ssues as well as uncertainty in estimating the
benefits of adoption. Typically, fixed costs for
hardware and infrastructure tend not to vary
significantly with the amount of product that
passes through the supply chain while tag costs
as variable costs might be very significant for
suppliers who should pay for placing tags on
products [11]. Actually, fixed costs and tag costs
have come down over time, and then it will en-
courage more non-adopted firms no doubt. But
they are still high compared to previous technol—-
ogy like barcoding. In practice, the suppliers may
want to negotiate for sharing the variable cost
with buyers for a return on investment (ROI).
Under these cost issues, several literature has
already studied about the optimal policies for
RFID investment. Gaukler et al. [13] show that
in the absence of mandating entities, there exists

a unique optimal way of sharing the cost of RFID
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tags between a manufacturer and a retailer. Sha-
ring the tag costs is optimal in the sense that the
total supply chain profits are maximized. Whang
[36] found that the equal-cost-split arrangement
always induces the upstream (suppliers) to adopt
RFID earlier than under no cost sharing and the
cost split will be able to speed up the retailer’s

adoption under some conditions.

Proposition 3 : 7he adoption occurs more rapi—
dly in firms under the cost sharing with trading

partners.

In §3, it has been assumed that buyers have
only the fixed adoption costs and suppliers have
the variable costs for tags as well as the fixed
adoption costs. There has no discount rate for
both cost components. To examine the effect of
cost factors, suppose that all retailers equally
share the tag costs with suppliers who have al-
ready adopted. From (2), the costs of supplier j
who are facing the decision are simply defined
as G, =c;+(n,c,)/2, where n;, is the number of
buyers who have connected with supplier j and

already adopted by time ¢, and ¢, is the variable

Highl N/ N
Type Il Type |
opennessievel | S J\ J
4 Y4 B
Type IV Type Il
tow), \{ J\ Y,

Low Dependence level High
(1)

[Figure 2]

cost per a buyer. That is, all buyers linked with
supplier j takes the equal-cost-split for tags.

Supplier j's threshold value at time ¢ will be

_ (G )T,

T o=
jties _ "y
@ (U)A\IJnjfu]\r[ Gy )

Comparing with the threshold of equation (3),
the threshold decreases with the adjustment of
cost sharing. In a total supply chain’s perspec-
tive, one can expect more speedy diffusion in to—
tal network due to significant decreases of sup—
pliers’ threshold values for the adoption. This re-
sult corresponds with Gaukler et al. [13] such
that in the absence of mandating entities, there
exists a unique optimal way of sharing the cost
of RFID tags between a supplier and a buyer.
They also found that sharing the its tag cost is
optimal in the sense that the total supply chain

profits are maximized.

4.3 Information Provision

Lastly, we consider that firm’s threshold val-

ues will decrease and the speed of diffusion proc—

Threshold values
-

7 8 o 10 1 1 13
No. of adoptee buyers (n)

(ii)

(i) Four different types of suppliers classified by the degrees of dependence on buyer (w) and

openness for information sharing with other suppliers () and (i) the change of threshold levels of
suppliers’ types over the size of adoptee buyers ¢ =10, ¢, =1,y =2, p, =15, 7=10, w={low:

0.2, high: 0.8}, a={low: 0.2, high:0.9}
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ess will increase as providing more information

about the technology adoption.

Proposition 4 : The adoption rates increases as
the firm's threshold level decreases by providing
more Information about the technology, and this

will lead to speedy diffiision process.

It has been already defined that 7, are the
amount of information from previous adopters in
the supplier population, 7, =«aq(t). The additional
information is also provided by buyers who have
already adopted. Let }jt be the new amount of
information for the supplier, which is expressed
as 27[ =aq(t)+ Gny,) where G(-) is non-decrea-
sing function with G (-)>0. The updated sup-
plier j's threshold value of the amount of in-

formation at time t are

(e +nyc) —wnupg )y Glny)

oy (wymyu= (e +myc, ) @

Titoi =

We see that the supplier’s threshold level de-
creases by additional information, G(n,)/a;. That
1s, each potential adopter has more information
about the technology, and then has lower thresh-
old levels required adopting it than before. This
will lead to an increase of adoption rates. From
equation above, the supplier's threshold level de-
creases over all possible number of buyers once
considering a case that additional information
coming from buyers increase linearly by the
number of adopters in the buyer population.
Therefore we expect that the diffusion speed
with enhanced information will get faster. This
implies that potential adopters need to collect
more confidential information about technology

implementation from previous adopters in the

same population. In addition, a firm who wish to
speed up their trading partners’ adoption rates
should need share more trustable information
with them.

5. Buyer-Supplier = Relationship
Factors Leading to Technology
Adoption

This section considers relationship factors to
predict the adoption of network technology by a
set of suppliers of a major buyer as a trading
partner. Specifically, the model will examine that
a buyer should use with its suppliers to encour-
age adoption and use of technology when the
buyer can actively or passively encourage trad—
ing partner adoption. It will include factors avail-
able in practice between organizations in a buyer—
supplier relationship; the dependence on the other
(i.e. the supplier’s dependence level on a buyer)
and the openness for information sharing (i.e. the
supplier's willingness to share information with
other suppliers). This section shows how these
relationship factors affect the change of suppli-
ers’ threshold levels.

We introduces four different types of the sup-
pliers (See [Figure 2(1)]). These types are classi-
fied by two parameters, w; and «;, j=1, -, M. As
defined earlier, w; represents the degree of de-
pendence of supplier j over the buyer. Follo-
wing Emerson’s [9] definition of dependence,
supplier’s dependence is based on the percent of
sales revenue from a particular buyer and the
ability of the buyer to reselect another supplier.
That is, the greater the sales revenue from a
buyer, the more dependent the supplier is on that
buyer [15], so its dependence is low. But in the

model, it was already assumed that all suppliers’
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sizes are identical. So supplier j with a high w;
has less dependence on buyers and more ability
to reselect other buyer. «; represents the degree
of openness of supplier j for the information (or
know-how) coming from other adoptee sup-
pliers. Supplier j with a high «o; is more likely
to receive the information from other suppliers
who have already adopted. Such supplier is will-
ing to listen to new ideas and share the know-
how about an adoption. However, suppliers under
extremely competitive industry are less willing
to share the information with their competitors,
because they want to keep their superior position
in the linked trading network, while suppliers
under more localized and less competitive in-
dustry structure are frequently share the in-
formation among them.

Type I suppliers are relatively more dependent
on buyers and have more openness for in-
formation sharing among other suppliers. As
shown in [Figure 2(i1)], this type has very low
threshold levels needed to adopt. In other words,
their resistance levels for the technology adop-
tion are relatively low and they are under weak
competition. Type II suppliers are relatively more
dependent on buyers and has less openness for
information sharing among others. Therefore sup-
pliers with this type has no enough information
about the technology, and so they have too high
threshold levels than those of other types. Type
I suppliers are relatively less dependent on buyers
and have more openness for information sharing
among other suppliers. Such suppliers might be
willing to share the information with other sup-
pliers and are less affected by the buyer’s per—
suasion for the technology adoption. Type IV sup-
pliers are relatively less dependent on buyers and

have less openness degree for information sharing.

There is almost no information or know-how
sharing of adoption among other suppliers, which
implies that they are under strong competition.

We next examine how these relationship fac-
tors influence the supplier's adoption in the buyer-
supplier supply chain, From equation (3) in §3.3,
we numerically test the change of suppliers’ thre-
shold levels, depending on the supplier’s type and
the size of adoptee buyers. For relationship fac-
tors by each supplier’s type, we set the parame-
ters of dependence(w) and openness(a) in the
buyer—supplier relationship in which type I has
more dependence and more openness(w=0.8, a=
0.8), type I has more dependence and less open—
ness(w=0.8, a=0.2), type Il has more depend-
ence and more openness(w=0.2, a=0.8), and type
IV has more dependence and more openness
(w=0.2, a=0.2).

In [Figure 2(i1)], the numerical results show
the change curves of the supplier's threshold
values of each type over the size of adoptee
buyers. As shown in this figure, it requires more
buyers to adopt the technology to encourage of
use of technology for these four types of suppli—
ers, which implies network externality. Regar-
dless of types of supplier, this will enable them
to significantly reduce their threshold levels,
which means the low marginal level needed to
adopt the technology. Observing the change of
threshold values in more detail, the degree of de—
pendence on a buyer determines different mar-
ginal numbers of adoptee buyers as the staring
points of threshold levels. Type I supplier and
type II supplier need a small number of adoptee
buyers while type III supplier and type IV supplier
need a large number of adoptee buyers to ob-
serve the initial value to track the change of

threshold values. It implies that if the supplier
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has a low dependence level on buyers, it may
have more resistance level on the pressure of
adoption from buyers and it causes delay the
adoption. By network externality, it requires more
buyers to adopt the technology to encourage of
use of technology for these types of suppliers.
On the other dimension, the degree of openness
for information sharing determines whether the
starting point of threshold curves is high or low.
The curves of type I supplier and type I supplier
have low level of initial threshold while those of
type II supplier and IV supplier are so high. It
implies that if the supplier has a low degree of
openness for information sharing, which means
that the supplier has a high level of threshold,
it is less willing to share their information and
know-how with others and cannot acquire more
information about the technology earlier. Then it

causes delay of adoption.

6. Conclusion

This study develops a model to predict the
adoption and level of usage of network technol-
ogy with network externality in a two-level sup-
ply chain network. Based on the suggested bene-
fit-cost structure, this paper has studied the in—
dividual supplier’'s adoption model to make a de-
cision to adopt the technology or delay. By ag-
gregating dynamics for the distribution of the
threshold values, we see how the technology
adoption in the network diffuses over time. From
the shape of adoption curve, we are able to know
the critical point of time that the diffusion pro-
cess begins to accelerate. From the results, as
more firms adopt in the initial period, the total
amount of information to the potential adopters

in the population increases, and then the number

of firms persuaded by the information increases
as the process moves up the distribution. We
found that several factors influencing the dif-
fusion speed, the mean benefits, cost sharing and
better information, are useful to increase adop-
tion rates at the initial period in the supply chain
network. With the analytical results, this paper
have also provided some important implications
to the powerful buyers who wish to improve
supply chain collaboration with their trading part-
ners through the inter-organizational network
technology. This study considers two relation-
ship factors available in practice in a buyer—-sup-—
plier relationship by a set of suppliers of a major
buyer as a trading partner : the dependence on
the other (i.e. the supplier’s dependence level on
a buyer) and the openness for information shar-
ing (i.e. the supplier's willingness to share in-
formation with other suppliers). We have consid-
ered four different types of suppliers by these
two relationship factors. By numerical tests, re—
gardless of types of suppliers, the results show
the change curves of the threshold values of each
type of suppliers over the size of adoptee buyers.
It implies that it requires more buyers to adopt
the technology to encourage of use of technology
for these four types of suppliers, which calls net—
work externality. Using the suggested classi-
fication of suppliers, we will be able to provide
some valuable insights for powerful buyers who
wish to improve the adoption rates of their trad-
ing partners (suppliers). The buyer need to use
persuasive and coercive approaches to encourage
their partners to adopt the technology, depending
on the supplier’s type. For example, the persua-
sive approach might be more effective for suppliers
with less dependence on buyers (type II and IV)

rather than force these firms, while the coercive
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approach might be better for suppliers with high
dependence (type I and I). This part should be
examined more in future.

One of the limit in this paper is that the model
have only considered about the case of the sup-
pliers’ adoption process and not developed the
model precisely for this case. But one can devel-
op specific models under different scenarios as
future researches : (1) the buyer is dominant; (2)
the supplier is dominant; and (3) the supply chain
system is under centralized control. One can
study a game theoretic approach to find an equi-
librium strategy for the adoption decision under
each scenario above. More explicit structure to
explain benefits and costs from adoption will be
required, and then one can develop the technol-
ogy adoption model precisely. Second, consider-
ing other internal and external factors, such as
firm size, competition levels, relationships bet-
ween trading partners, and contracts with the
partners, was actually difficult in this paper.
More rigorous models should be developed for
analyzing how these various factors influence
the adoption rates and diffusion speed across
firms. To test insights generated from the ana-
Iytical model, the empirical study should be also
examined. Lastly, the analytical model assumes
that each supplier in the population is connected
to all the buyers; in reality the specific nature
of the network of linkages between supplier and
buyers will influence the adoption curve. In addi—
tion, the strength of connections between suppli—
ers will influence the quantity and quality of in—
formation transmission between suppliers. One
can collect data about technology adoptions and
gathered information to build a network of link-
ages between these firms. Drawing upon the idea

of an adoption threshold from the analytical

model, one can fit an empirical threshold model
to this data and then use the empirical model to
test several hypotheses proposed by the analy-

tical model presented in this paper.
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<Appendix>

Proof of proposition 1 : The rate of adoption is fastest at time # such that G(£)=0 is satisfied.
From G (t)=p,(t)f.(q(t)), t >0. Differentiating this, G(1)= Yyp(i)f(q(f))+ Yyp*(D)f (q(£))=0.

Then, p(t)= —p*(¢)f (¢(2))/f(g(#)). The second-order is p(t,) = Ap(t, —plt,)].
Thus, ©(t,)=plt,)/p(t,) =Xp(t,)f(alty)/p(ty) —1) = A(F’ (q(to))/p(tg)—l).

At time ¢,, O(t,)=0 and ©'(t,) >0

Therefore F'(q(t,)) =plt,).

O (ty) =\ - [F"(qlt, )plty) — F' (gt )plt /1 (¢,).

To show ©'(t,) >0, we only need the part of numerator in a square bracket because A/ﬁz(to) >0

Therefore, F"(q(t,))p(t,)—F'(q(t,)p(t,) >0. From F'(q(t,)) =p(t,), thus, we see that F"(q(t,)) >plt,).

Proof of proposition 2 : We prove it using contradiction. By contradiction, we assume that #,,(0) > F,(0)

and p,/(0) =p, (0) =0. From the dynamic equations, p,(t) =)\K[FK / :pK(s)ds)—pK(t)}, K= M, L Let p,(t)

and p,(t) be the solutions. We know that p,(0) = p,(0), because F,(0) = F,(0) by assumption.

Suppose that at any given time ¢ >0, p,(t) <p,(t).

There is a time 7 such that p,(r) =p,(r) for all 7<¢ and p,(7) <p,(7).

Therefore ftpH(s)dstOtpL(s)ds and FH(/ pH(s)ds)Z FL/ pL(s)ds).

From the dynamic equations, hence, p'H(Z) sz(Z) should be satisfied. This is a contradiction!




