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Abstract

Seeding the market by delivering free samples is a common strategy marketers
use to promote new products, shorten the introduction stage and accelerate
diffusion. There are several models for assessing seeding effectiveness and de-
termining the optimal seeding that can maximize profits, given costs, diffu-
sion parameters’ values and interest rates. In practice, however, managers use
seeding mainly as a competitive tool, as a way to improve market position ra-
ther than to promote and accelerate the diffusion of a new product category.
Actual seeding is quite small in volume compared to the optimal levels rec-
ommended by existing models. Seeding is also accompanied by other steps
which do not involve giving away products. It is argued here that the problem
is not the fact that marketers do not implement an optimal strategy, but rather
the modeling itself. We present a method for analyzing seeding effectiveness
and optimization, based on a diffusion model with a multi-stage purchase
process, as suggested by Kalish. We compare the diffusion acceleration and
optimal seeding assessments of our model against existing seeding assessment
and optimization diffusion models that are based on a two-stage purchase
process as described in the Bass model. To achieve optimization our model
recommends seeding, as a means to accelerate the diffusion of new product
categories, only in rare cases. This coincides much better with firms’ actual
implementation of seeding strategies than seeding levels recommended by
models in the literature. In particular, it is aligned with managers’ intuition
that diffusion models with a two-stage purchase can lead to oversampling and
an overestimated sales acceleration forecast.
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1. Introduction

Product sampling has been used by marketers for many years as part of a strate-
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gy to encourage consumers to adopt a product. This strategy of delivering cer-
tain products for free at launch is sometimes termed “seeding” (Ze. [1] [2] [3]
[4]) or; “sampling” (Ze. [5] [6] [7] [8]). According to businessdictionary.com,
product samples are given to the consumer free of charge, giving them the op-
portunity to try the product before making a purchase. In the beginning, prod-
uct samples were distributed at store locations alone. Today, product samples
can be ordered from company websites and shipped to people’s homes. [9] ex-
plored the effectiveness of using sampling to introduce products. They found
that customers’ attitude towards a product and the likelihood of making a pur-
chase increased sharply after receiving a sample. This finding suggests that the
effect of direct use and experience is much more powerful than advertisements.
The impact of sampling on pharmaceutical marketing has raised ethical con-
cerns about overuse. [10] conducted a systematic and comprehensive study on
the use of prescription drug samples, and noted the influence of samples on
health policies designed to improve the rational use of medicine. [11] explored
seeding programs run by the software industry which uses extensive sampling.
[12] reported that such large firms as Procter & Gamble, Microsoft, Hasbro,
Google, Unilever, Pepsi, Coke, Ford, DreamWorks SKG, EMI, Sony, and Siemens
implement seeding trials. Sampling is not limited to consumable products such
as drugs, cosmetics and food. [5] noted that sampling applies to durable goods
such as computers, textbooks and software as well. [13] noted that using seeding
programs to affect diffusion is a very popular market trend. [14] referred to cases
where sampling was used for durables including Philips power toothbrush,
Window 95, Nokia 6682 camera phones, HP Dragon HDX laptop and even Ford
Fiesta cars. The cases cited from [12] [15] [16] [17] [18] show that for high
priced goods, the seeding size tends to be small and the sample is selective. For
low cost goods, seeding tends to be large and random sampling may be applied.

When Sony launched the PS3 in 2006, it subsidized each console by selling it
at a price estimated at $300 below unit cost (see [19]). Subsidizing consoles is a
common practice in the video game industry. Game player manufacturers
usually make most of their money through royalties paid by game developers.
Sony’s subsidy had an additional benefit for the firm because it served to sneak a
Blu-ray player into every home buying a PS3 (Sony was backing the Blu-ray
standard over the rival HD DVD effort). Since Sony is also a movie studio and
manufacturer of DVD players and other consumer electronics, it had a particu-
larly strong set of assets to leverage and to encourage the adoption of Blu-ray
over the rival HD DVD. The high-definition optical disc format war between the
Blu-ray Disc and HD DVD optical disc standards for storing high-definition
video and audio from 2006 to 2008 and was won by the Blu-ray Disc (see Exhibit
1). Sony’s seeding strategy was considered to be the most important contributor
to this victory.

Sampling is also commonplace in the B2B market. For example, Energy Mi-
cro, a new startup, launched a free sample program for EFM32 Gecko micro-

controllers on June 11, 2012. Every engineer worldwide could order samples for
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free. The idea was to create a de-facto standard based on the broad diffusion of
the device. Development teams did not have to wait for management or pur-
chase teams’ approval to acquire components for prototypes. Later, many
projects stuck with the basic prototype architecture due to time constraints. The
program achieved widespread diffusion of the device and it gained a significant
market share. In June 2013 Silicon Labs announced its intention to acquire
Energy Micro for $115 million in cash, plus approximately $55 million in de-
ferred and earn-out considerations. The total cumulative investment of Energy
Micro investors was $13 million.

The effectiveness and benefits of seeding have been explored by many re-
searchers. [20] found that offering free samples enhances product image. [21]
claimed that giving away samples reduces customers’ perceived risk. [6] explored
how sampling was used by marketers to encourage trials. [22] found that seeding
the market was widely used in the packaged goods and printed media industries.
[23] claimed that sampling is the most effective but also the most expensive way
to introduce a new product. [24] found that pharmaceutical industry expenses
devolved to delivering samples accounted for more than half of all their market-
ing expenses. [25] developed a method of assessing the value of seeding pro-
grams. [26] explored seeding effects with different segments of adopters. [7]
conducted an in-depth study of the use of sampling in the pharmaceutical in-
dustry and showed that delivering samples to physicians was correlated with an
increase in prescriptions of these drugs. [27] addressed the problem of how
many and to whom the samples should be delivered.

Reference [5] explored the sampling effect in the context of diffusion of inno-
vation. They suggested a method for forecasting the seeding effect and optimiz-
ing sample size. They also distinguished between random sampling and targeted
sampling to opinion leaders. Their model is based on the [28] model but differs
by assuming a positive (and non-zero as in [28]) initial installed base created by
sampling, which accelerates diffusion. The optimization criterion pits diffusion
acceleration benefits (as a function of interest rate and product price) against
seeding costs (which depend on manufacturing costs and sampling quantity).
They also explored the dependency between innovation and imitation coeffi-
cients and seeding effects. Their results are consistent with the intuition that
sampling is needed and more effective when the innovation coefficient is low
and the imitation coefficient is high. [2] explored the influence of spatial distri-
bution on seeding. They found that adoption speed increases if the dispersion of
early adopters is larger. [1] analyzed the support-the-weak vs. support-the-
strong strategies. They found that strategies that disperse marketing efforts, such
as support-the-weak and uniform strategies, are generally superior to the sup-
port-the-strong strategy. [29] investigated the effect of sampling on adoption
and repeat purchase. They found that non-durables require larger samples than
durables. [8] developed a two-stage model for optimizing sampling based on the
Bass model. They split the optimization into two steps. First, sampling policy is

examined as a yes/no decision and second, if sampling is economically justified,
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the optimal sampling quantity is evaluated. They also considered non-constant
potential markets (with inflow and outflow) and repurchase.

In spite of the widespread use of sampling in practice it is used mainly for ac-
quiring a competitive position. Sometimes it is used to promote a new brand (as
in the cases of Nokia 6682 camera phones, the HP Dragon HDX laptop, Ford
Fiesta cars) or a new entrant (EFM32 Gecko microcontrollers) in well-established
markets. In other cases it is used to win a standard battle (as in the cases of
Window95 or Blu-Ray). There tends not to be real seeding in new product cate-
gories such as the iPod Flash music player (in 2001), the Smartphone (in 2007)
or the Tesla Model-S electric car (in 2012).

While sampling has many benefits in promoting adoption, it has also signifi-
cant drawbacks. Sampling can involve heavy costs and a loss of sales but also
may create expectations on the part of the market to receive the product for free
or for a low price. Thus firms engage in expensive seeding programs for compet-
itive markets, but rarely use it for new product category market development.

According to [5] and his school of thought many new product category
launches are likely to use seeding. We believe, however, that the solution to the
mismatch between theory and practice goes beyond the simplistic conclusion
that managers fail to implement the optimal solution. Instead, we suggest ad-
justing the model to explain actual behavior. We present three cases to demon-
strate how the adjusted model provides a better account of why managers avoid
using seeding whereas existing models recommend it.

The remainder of this paper is organized as follows. In Section 2 we review the
[5] seeding model and discuss the conditions that favor seeding. We raise the
issue of the disparity between theory-driven strategy and implementation. In
Section 3 we review diffusion models based on a multi-stage purchase process
(unrelated to seeding). We suggest why they are not broadly used. In Section 4
we introduce a diffusion model based on a four-stage purchase process (an ex-
tension of [30], see Appendix A) and incorporate the seeding effect as well.
Then, in Section 5, we apply both [5] and our model to three cases. We conduct
a data fit (without seeding) to estimate the parameters and then assess the seed-
ing effect and compare the results. The comparison shows that while without
seeding the data fit or forecast are very similar, they diverge in the presence of
seeding. The [5] model, based on a bi-stage purchase process, favors seeding in
many cases where the diffusion model based on a four-stage purchase process
recommends avoiding seeding or using modest seeding. In section 6 we calculate
the optimal seeding levels and the seeding gain for each model for all three cases.
We compare the expected seeding gains and seeding size of both models. In Sec-
tion 7 we discuss the results and point to optional future directions. We also
calculate the seeding optimization for each case with both models and compare

the recommended seeding levels.

2. Existing Modeling of Seeding Effects and Optimization

The seeding optimization approach [5] is based on Bass model ([28]) with the
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slight modification that the initial condition is not zero but rather some other

positive number created by delivering free samples at launch. The effect is a left

shift (in time) of the periodic and cumulative sales curves. When the innovation

coefficient p is low, due to concerns or difficulties to explain product’s benefits,

diffusion starts very slowly. Even when WOM (Word of Mouth) is positive and

the imitation coefficient g is high, diffusion has small installed base to start with.

Marketers can accelerate diffusion by delivering some products for free and arti-

ficially creating a larger installed base that other customers will imitate. With

seeding, the cumulative adoption will reach 100% earlier but actual revenues

need to consider the loss from the products delivered for free. When the interest

rate is high, this shift in time, or diffusion acceleration, has an economic benefit

since the net present value (NPV) of the revenue is higher than the net present

value of the same income several years in the future. When the benefits of acce-

leration exceed the costs of seeding there is a seeding gain and an economic jus-

tification for seeding.

Figure 1 compares the seeding effects with no seeding and with 5% seeding, a

5% interest rate, g = 0.3 for both, and p = 0.01 and p = 0.001. The periodic sales

curves, with and without seeding and with both innovation coefficient values,

are presented on the left side. The acceleration is represented by the shift in time

between the curves with no seeding and with seeding. The right side presents the

economic benefit of the acceleration. Each bar represents the annual sales (from
the left size) capitalized to NPV by scaling it by 1/(1+ r)n where ris the inter-

est rate and n is the time from launch. An earlier revenue is worth more than a

later one, thus diffusion acceleration has an economic value. Both the accelera-

tion as well as the profit gains from seeding are much higher when the innova-

tion coefficient is low. With a 5% interest rate the revenue NPV when p = 0.01

with no seeding is 0.583 (of the potential revenue with interest rate = 0), whereas

with seeding it is 0.638 due to acceleration. To calculate the seeding gain we need

to deduct the lost sales revenue from the seeding (0.05), so the net income is

0.588. The seeding value is thus the (net revenue) with seeding minus the
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Figure 1. Seeding vs. no seeding in [5] with p = 0.01 and p = 0.001.
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revenue without seeding which is 0.588 — 0.583 = 0.005, which usually does not
recover the 5% seeding expenses (unless seeding costs are very low as in some
cases in software). With the same seeding (5%), imitation coefficient (q = 0.3),
and the same interest rate (5%), but with an innovation coefficient of 0.001, the
results are significantly different. The revenue (capitalized to the present value)
without seeding is 0.387 whereas with seeding is 0.591. When deducting the lost
seeding sales (0.05), the net income is 0.541; hence the seeding value is 0.541 —
0.387 = 0.154 or 15.4%. This gain in revenues might justify the heavy cost of
seeding. With a different interest rate (for example 2%) and a seeding of 0.01 the
gain when p = 0.01 is —0.004 (representing a loss) whereas when p = 0.001 there
is a gain of 0.054 which might justify seeding.

The above example demonstrates that seeding is usually justified only when
the innovation coefficient p, is very low (less than 0.001). Such a low innovation
coefficient value is not very rare. Actually, it is quite common, as was shown in
the [31] overview where 21 out of 54 products had a p value of less than 0.001.
This raises the question of why seeding, although used broadly for new brand
launches (of existing categories), is so rare for new product category launches.
Obviously, there are other factors such as seeding costs, interest rates and the
tendency to imitate that should be considered as well. Furthermore, some man-
ufacturers, such as Tesla-Motors, prefer to grow slowly due to capacity limits,
safety risks and infrastructure availability. Still, we would expect more managers

to comply with the [5] recommendations and use seeding at launch.

3. Multi-Stage Purchase Decision Diffusion Models

According to [32] [33] [34] the buyer decision process up to adoption is com-
posed of four stages: awareness or problem recognition, information search,
evaluation of alternatives and decision. The fifth stage termed post-purchase be-
havior occurs after purchase. The transitions between stages are influenced by
internal and external factors and take time. In the context of diffusion, aware-
ness of a product, or a potential customer, is created either by media influence,
which depends on personality and behavioral characteristics, or when individu-
als learn about it from friends. The likelihood that a potential customer will be-
come aware of a product increases with the growing awareness of an individual's
social circle. When friends proceed through the purchase process and become
more active (become interested or engage in the evaluation stage), this influence
intensifies since they are likely to talk about the product more. When they see
friends invest money and purchase, the influence is stronger and sometimes also
has an additional visual channel (not for all products).

Reference [28] made a simplification assumption of a 2-stage purchase process,
by ignoring the awareness and interest stages, and measured only the decision
stage. [30] argued that this simplification did not reflect realistic individual be-
havior and could lead to sub-optimal marketing decisions about advertising and
pricing. He claimed that adopters’ word-of-mouth (WOM) provides actual ex-

perience information, rather than the more theoretical information delivered in
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advertisements, which makes their influence stronger. He presented a diffusion
model based on a 3-stage purchase process (unaware, aware and adoption) that
modeled information diffusion and experience diffusion. This split makes it
possible to adjust advertising and pricing according to potential market size at
each stage. [30] did neither discuss the difference between passive awareness and
active information search, which was mentioned by [34], nor seeding policies.
Reference [35] detailed nine assumptions of the [28] model, taken for simpli-
fying the model. The assumption that the diffusion process is binary and a cus-
tomer can be either a potential customer or an actual adopter is included in their
list. Whereas many factors incorporated in Bass model extensions such as mar-
keting mix influence, potential market variations, repeat purchase and other
features have been considered in the seeding context, previous studies have
tended to keep the Bass model assumption of a 2-stage purchase process. Nev-
ertheless, the [28] dual stage purchase process has been challenged (Z.e. [30]; [36]
[37] [38]). These authors dropped the bi-stage purchase process assumption and
incorporated a more realistic (and more complex) purchase process in diffusion
of innovation models. They also included additional factors in their models. [30]
took advertising and pricing changes into account. [36] predicted customers'
responses in the presence of several alternatives. [37] incorporated use-patterns
and their impact on diffusion. However, sampling influence has not been ex-
amined in these multi-stage purchase process models, because the [28] assump-
tion of a zero cumulative market size at launch is maintained. In spite of being
more realistic, multi-stage diffusion models are not broadly used. We speculate
that the reason for their low popularity, as we show later, is that they add signif-
icant complexity to the model and to data collection, but contribute little to ac-
curacy. Although the number of parameters and their values differ, the forecasts
generated by these models are very similar to those generated by the simple [28]
model. However, as we show in Section 5, when we add the seeding effect, the
forecasts diverge significantly. The seeding effect seems much stronger and
hence more attractive, when using the [5] model based on the bi-stage purchase
process. When using the multi-stage diffusion model the seeding effect is much

more modest and the seeding recommendations are much more conservative.

4. The Four-Stage Diffusion Model

We extend the [30] model (see Appendix A) to include the four classic stages of
the purchase process, aligned with [32] [33] [34] and then add the seeding effect.

Let U stand for Unaware, A for Aware, I for Interested (including information
search and evaluation of alternatives), D for Decision to adopt as the four stages.
Let U(n), A(n), I(n), D(n) and u(n), a(n), i(n), d(n), be the cumulative and peri-
odic share of potential customers (in percentage) at time n, n=0,1,2,--- at
each stage. We assume as in [28] that social influence drives customers to move
from one stage to another. Let p; and g, be the innovation and imitation coeffi-
cients as in [28], where the sub index indicates the transition from stage 7 to

stage j, 1,je{U,A |,D} where jis the stage following stage i The potential
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market notation is m, as in [28].

We assume, as in a 2-stage [28] model, that the individual stage transition
probability from one stage to another is proportional to the number of custom-
ers at the influencing stages (higher stages than the current stage). Let { ®, (n),
®, (n), ®,(n)} be the vector of transition probability at time n, from U to
A, from A to I and from I to D, respectively since the probability of a transition
is influenced by some internal tendency, p,, or “innovation”, and an external in-
fluence, g;, or “imitation”, from other customers who have already progressed
through the purchase decision states. Then,

Pua(N)) (Pua) (Gan G Goa | [A(N)
D, (n) =/ Pu |+ 0 Q dp | I(n) (1)
D) (n) Pio 0 0 dyp D(n)

The change in the number of customers at each state A, I and D is denoted
a(n), i(n) and d(n) respectively. This is calculated as the probability to progress
from a state to the following state minus those who have been already in that
state and progressed further. Therefore, the change in the number of customers

at each stage is given as:

cDUA(n)' (i(n)+d(n))
=| Dy (n)'A(n) - d(n) (2)
0} .

o (n)-1(n) 0

where @, (n), ®, (n), ®,(n) areasin (1).

Unaware is defined as those individuals who are not aware, interested or

~
C

—~
=}

~—

a(n) A(n+1)-A(n
|

i(n) [=| I(n+1)—=I(n

d(n) D(n+1)-D(n)

~—

adopters of the product; thus,
U (n) = (m—A(n) -1 (n)-D(n)) ®
The initial conditions, with no seeding, are:
U(0)=m, A(0)=0, 1(0)=0, D(0)=0 (4)
In other words, at n = 0 all customers are unaware and no one has adopted, or
progressed through the purchase process yet.

When we use a seeding strategy by delivering free samples at launch, the ini-

tial conditions change to:

U(0)=m-D,, A(0)=0, 1(0)=0, D(0) =D, (5)

where D, is the sample size, delivered at product introduction time. In this
case, similar to [5] we have D, customers and not ¢, who have the product and
use it at time n = 0 and generate WOM (Word of Mouth) accordingly.

Following [5] the optimal seeding size, D,* solves the following optimization

problem,
1 .
MaxIT=)» ————d(i)—c-D
o, §(1+r)' (1)=e-By 6)

st.(1)-(5)

where TI is the total profit, capitalized to present value (NPV), ris the interest

rate and cis the product unit cost.
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5. Model Implementation and Comparison

We applied [5] and our model on three markets:

1) The PC market (worldwide) from 1981 to 2012

2) The iPod market from 2002 to 2009

3) The Rapid Prototyping 3D Printers (RP) market from 1988 to 2012

We chose these markets since they experience a relatively lengthy stretch of
time between launch and growth; therefore they are good candidates to reveal
the seeding effect. The problem that we are trying to address is to justify why
industry managers would avoid seeding at category launch. Seeding has been
used more recently for new brand entry in the PC market and other markets as
well.

An example of a forecast of the changes in sizes of the 4 segments corres-
ponding to the 4 stages of the Rapid Prototyping 3D printers market are pre-
sented in Figure 2. It shows that the unaware segment, U(n1), where n represents
time, decreases as A(n) the aware segment, increases. During the period of
awareness growth, only a few move forward to the purchase process and start to
actively search for information, /(11), or actually adopt, D(n). As awareness reaches
its peak, customers are expected to become active, join the active information
searchers’ segment, /() and finally progress further and join the adopters’ seg-
ment, D(n).

We estimated the parameters of both the 2 stage (Bass, 1969) and the 4 stage
(our) model for data fits of the 3 markets above using the minimum sum of
squares error. The parameter estimates are summarized in Table 1. The data fit
to actual sales, with and without seeding is illustrated in Figure 3.

Note that although the innovation coefficients values using the [28] 2-stage
model are very low, which favor the use of seeding, the innovation coefficients
values using the 4 stage model are larger by an order of magnitude or more, and
make seeding unattractive. The [28] “explains” the lengthy introduction by a low
innovation coefficient representing rejection and concerns regarding the new
technology at the beginning. The multi-stage model “explains” the delay by the
need for customers to go through preemptive stages before they actually buy the

product.

600000

500000 Uin) D(n)
400000 \J\ ; Afn)

300000 \ N\ /
200000 Y \/

100000 / \ /\\

0 / __I)/\Il(n) ¥ﬁ Year

980 2000 2020 2040 2060 2080
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100000-1

Figure 2. RP segments over time.
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Table 1. Parameter estimates for the four markets.

Model Parameters PC iPod RP
Pua 0.47629 0.24248 0.015586
P 0.00323 0.37964 0.023044
P 0.169354 0.701128 0.1549112
qaa 0.599345 0.79912 0.073511
g 0.13534 0.12367 0.977309
4-Stage
dpa 0.211696 0.135011 0.6495316
qn 0.10982 0.08485 0.020557
dpr 0.180721 0.132937 0.1467755
49pp 0.581172 0.081092 0.0896761
m 7753 316,233,284 502,174
P 0.000975 0.01629546 0.00048606
2-Stage q 0.200299 0.700192 0.1091552
m 5184 316,233,284 997,374

The parameters estimation in Table 1 is based on OLS. The actual sales data is presented in Figure 3 (in-
cluding data sources).

Delivering free samples accelerates diffusion by creating an initial installed
base that others learn from and imitate. The economic “revenue” from the acce-
leration depends on the interest rate. When the interest rate is high, there is a
strong drive to accelerate diffusion. The cost stems from two components: 1) the
cost of goods delivered 2) the loss of revenue from individuals who received the
goods for free instead of buying them.

To compare the seeding acceleration effect of the 2 stage vs. the 4 stage we
proceed as follows: 1) first, we consider the case of a no-seeding policy for the 4
stage vs. the 2 stage; 2) then, we consider the case of arbitrary seeding for the 4
stage vs. the 2 stage. The results are illustrated in Figure 3. Our observations are
the following. While the 2 stage and 4stage model, both without seeding, show
a good fit with actual data, their forecast for future periods is either similar
(as for iPod) or different (as for PC and RP). On other hand, with seeding the
diffusion acceleration forecast is much steeper with the 2 stage model than with
the 4 stage model.

The statistical metrics of the data fit quality, or the approximation to actual
data are shown in Table 2. The RMSE metrics are a little better for the 4 stage
model. Nevertheless the forecast for both the 2 stage [28] model and the 4 stage
model, when there is no seeding, are quite close. However, when exploring the
seeding effect, the 2 stage model used by [5] diverges significantly from the 4
stage based model. In Table 2 we also present the diffusion acceleration or the
shift in peak.

For all three markets, the diffusion acceleration, when using the 2 stage pur-
chase model, is significant and seems to justify intensive seeding (depending on
interest rate and cost). When using the 4 stage purchase process, the acceleration
appears to be much lower and might not justify a costly seeding strategy. Thus if

applying the 4 stage purchase decision process modeling that includes the stages
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Figure 3. Diffusion acceleration for 2 stage and 4 stage models: no seeding vs. seeding. Market Cases Actual Data Sources:

PC: Projection of World-Wide PC Demand, 1999-2010 Data From Bill Gates, Newsweek 5-31-99, worldwide PC shipments-Gar-
tner 1998-2013. iPod: http://commons.wikimedia.org/wiki/File:IPodsales_2008Q3.svg

RP: http://www.wohlersassociates.com/99graph.gif, http://www.srl.gatech.edu/.../041201_MGT6753_Team%20F.pdf.

of awareness or problem recognition, information search, evaluation of alterna-
tives and decision, caution should be exercised when considering seeding to ac-

celerate diffusion. This is particularly true when the introduction is long, as ex-
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pressed in a very low innovation coefficient when using the [28] model. Some-
times the progress along the stages of the purchase process, which might be
tracked in surveys or internet traffic analysis, takes some time and cannot be
significantly accelerated by delivering free samples.

These comparisons lead the following conclusions:

Result 1: Without seeding, there are no significant differences between the
forecast based on the 2 stage model and the forecast based on the 4 stage model.

Result 2: With arbitrary seeding, the acceleration effect based on the 2 stage
forecast is much stronger than the acceleration effect based on the 4 stage fore-
cast.

Managerial insight: Managers who use a 2 stage forecast may overestimate
sales during introduction and the first half of market growth and may deploy

(expensive) unnecessary infrastructure, sales personnel and service too early.

6. Seeding Optimization

For seeding, optimization Equation (6) requires to receive the values of interest
rate r, and unit costs ¢ as inputs. We used two interest rates (1% and 5%). We
also assumed a typical margin of 25%. This implies that 25% of the unit price is
profit whereas 75% of the unit price equals material, components and assembly
costs. This represents a case where the cost c is three times the profit made when
selling one product.

We use the term seeding gain for the additional profit (capitalized to current
values) from diffusion with seeding, relative to the profit without seeding. Con-
sidering (1)-(6) it is clear that the seeding size, D, accelerates the diffusion and
modifies the non-cumulative adoption rate, d(n). The profit with seeding, given
a certain seeding size D,, is calculated as in (6). The seeding gain, which is also a
function of the seeding size D,, is calculated as the percentage of the difference
between the profits with seeding size D, and the profits without seeding divided
by the profits without seeding. All the profits are in terms of NPV and the reve-
nues are scaled by the interest rate factor. Figure 4 presents the NPV of the
seeding gain as a function of seeding size (as a fraction of the potential market).
The curve peak is the optimal gain and its corresponding seeding size is the op-
timal seeding size D;*.

The three examples in Figure 4 demonstrate that relying on the 2 stage vs. the
4 stage model can lead to illusory expected gains or even to losses. For the PC

market, when the interest rate r = 1%, the optimal seeding according to the 2

Table 2. Data fit: 2 stage vs. 4 stage models.

K2
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RMSE between actual sales data and Seeding acceleration effect-Peak
model forecast shift (years)
Market 2-stage 4-stage 2-stage 4-stage
PC 11.05 9.47 5 3
iPod 5792.3 2164.8 2 0
RP 5835.3 321.5 12 3
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Figure 4. Seeding gain: 2-stage vs. 4-stage. Figure 4 data is generated using the parameters from Table 1 and Equations (1)-(6).

The equations are run with different seeding size starting from D, = 0 to D, = 0.2.

stage model is 0.006 of the market and would lead to nearly a 1% gain. Based on
the 4 stage model seeding is not recommended. When the interest rate r = 5%,
the optimal seeding according to the 2 stage model is 0.05 of the market and
would lead to nearly a 27% gain. In the 4 stage model the optimal seeding is also
0.05 but the gains are relatively modest (13%). For the iPod case both models
recommend avoiding seeding at both r = 1% and r = 5%. For the RP case, when
the interest rate r = 1%, the recommended seeding according to the 2 stage
model is 0.01 of the market with a promised gain of 6.8%. The 4 stage model
forecasts a loss of 4% in this case. When interest rate r = 5%, the optimal seeding
according to the 2 stage model is 0.1 of the market and would lead to nearly a
60% gain. These 2 stage results recommend huge investments and promise a re-
turn that looks overoptimistic. In the 4stage model the optimal seeding is 0.05
and the forecasted gain is relatively modest (8%). Note that extra seeding can
lead to additional losses that stem from the cost of extra inventories. Thus man-

agers’ experience appears to guide them to avoid the seeding levels recommen-
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ded by [5] and sometimes avoid seeding altogether.

7. Discussion and Future Directions

Many papers since [5] have tended to recommend seeding as an effective tool to
promote the launch of new product categories and accelerate diffusion. The
models proposed in these papers often recommend high investments and fore-
cast high returns, especially when innovation coefficient values are low. Accord-
ing to these models the best timing for seeding is at launch. However, the cases
they cite usually involve seeding new brands, by new entrants or competitors,
when the product category is well established and far beyond the start of growth.
Most of them use selective and very small samplings of opinion leaders (for ex-
ample customers who take a quiz and show their knowledge and high involve-
ment). Such customers generate a lot of WOM and are considered experts by
others. Their opinion tends to lower others’ concerns about a new brand. For
new product categories, managers usually avoid a seeding strategy and prefer
gradual growth. The model described here has attempted to explain why man-
agers avoid seeding at new product category launches but do use this strategy,
with significant investments, for placing new brands in established markets.
While at launch, potential customers need to recognize the problem and appre-
ciate the solution proposed by a new product category (which takes time), and
customers in established markets have already gone through these stages. Seed-
ing can prompt customers who explore alternatives to overcome their concerns
and reduce their perceived uncertainty. In many cases where the [28] model is
used, a low value of the innovation coefficient does not really mean that the in-
nate tendency to adopt is necessarily low. It may embed early awareness and in-
terest diffusion which take time but are not explicitly included in the [28] model.
Although for many purposes this simplification is satisfactory, it may be mis-
leading when considering seeding. When considering seeding, it seems better to
examine market development using the more detailed, multi-stage diffusion
model. Thus our model highlights drawbacks of using the bi-state simplification
assumption for diffusion in the context of seeding. Future research should di-
rectly measure the awareness and interest of potential customers of new product
categories. This would make it possible to validate the model not just by the data
fit of the last stages but also by comparing actual measured intermediate stages

to modeled ones.

References
[1] Libai, B., Muller, E. and Peres, R. (2005) The Role of Seeding in Multi-Market En-
try. International Journal of Research in Marketing, 22, 375-393.

[2] Laciana, C.E. and Rovere, S.L. (2010) Ising-Like Agent-Based Technology Diffusion
Model: Adoption Patterns vs. Seeding Strategies. Physica A: Statistical Mechanics
and Its Applications, 390, 1139-1149.

[3] Stonedahl, F., Rand, W. and Wilensky, U. (2010) Evolving Viral Marketing Strate-
gies. Proceedings of the 12th Annual Conference on Genetic and Evolutionary

K2
035: Scientific Research Publishing

471



Y. Orbach, G. E. Fruchter

(7]

(8]

(16]

(17]
(18]

(19]

[20]

(21]

Computation, Portland, 7-11 July 2010, 1195-1202.
https://doi.org/10.1145/1830483.1830701

Peres, R. (2014) The Impact of Network Characteristics on the Diffusion of Innova-
tions. Physica A: Statistical Mechanics and Its Applications, 402, 330-343.

Jain, D., Mahajan, V. and Muller, E. (1995) An Approach for Determining Optimal
Sampling for the Diffusion of a New Product. Journal of Product Innovation Man-
agement, 12, 124-135. https://doi.org/10.1111/1540-5885.1220124

McGuinness D., Brennan, M. and Gendall, P. (1995) The Effect of Product Sam-
pling and Couponing on Purchase Behaviour: Some Empirical Evidence. Interna-
tional Journal of Advertising, 14, 219-230.

Dong X., Michael, L. and Xie, Y. (2013) Understanding Sample Usage and Sampling
as a Promotion Tool: Stage of Industry Practice and Current Research in Innovation
and Marketing. Pharmaceutical Industry International Series in Quantitative Mar-
keting, 20, 507-530. https://doi.org/10.1007/978-1-4614-7801-0_17

Hu, Z., Lu, W. and Han, B. (2015) A Two-Stage Method to Determine Optimal
Product Sampling Considering Dynamic Potential Market. The Scientific World
Journal, 2015, Article ID: 167481. https://doi.org/10.1155/2015/167481

Marks, L. and Kamins, M. (1988) The Use of Product Sampling and Advertising:
Effects of Sequence of Exposure and Degree of Advertising Claim Exaggeration on
Consumers’ Belief Strength, Belief Confidence, and Attitudes. Journal of Marketing
Research, 25, 266-281. https://doi.org/10.2307/3172529

Groves, K.E.M., Sketris, I. and Tett, S.E. (2003) Prescription Drug Samples-Does
This Marketing Strategy Counteract Policies for Quality Use of Medicines? Journal
of Clinical Pharmacy and Therapeutics, 28, 259-271.
https://doi.org/10.1046/j.1365-2710.2003.00481.x

Lee, Y.-J. and Tan, Y. (2013) Effects of Different Types of Free Trials and Ratings in
Sampling of Consumer Software: An Empirical Study. Journal of Management In-
formation Systems, 30, 213-246. https://doi.org/10.2753/MIS0742-1222300308

Marsden, P. (2006) Seed to Spread: How Seeding Trials Ignite Epidemics of De-
mand. In: Kirby, J. and Marsden, P., Eds., Connected Marketing. The Viral, Buzz
and Word of Mouth Revolution, Butterworth-Heinemann, Oxford, 3-23.

Peres, R., Muller, E. and Mahajan, V. (2010) Innovation Diffusion and New Product

Growth Models: A Critical Review and Research Directions. International Journal
of Research in Marketing, 27, 91-106.

Libai, B., Muller, E. and Peres, R. (2010) Sources of Social Value in Word-of-Mouth
Programs. Marketing Science Institute, Cambridge, 10-103.

Emanuel, R. (2009) The Anatomy of Buzz Revisited: Real-Life Lessons in Word of
Mouth Marketing. Broadway Business, New York.

Summerfield, P. (2007) Pass It on: Canada’s WOM ROI Earns Its Own Budget Line.
Strategy February 1.

Quinton, B. (2008) Enter the Dragon. Promo, October 1.

Tegler, E. (2009) Ford Is Counting on Army of 100 Bloggers to Launch New Fiesta.
Advertising Age, April 20.

Null, C. (2008) Sony’s Losses on PS3: $3 Billion and Counting. Yahoo! Today in
Tech June 27. http://tech.yahoo.com/blogs/null/96355

Bettinger, C.O., Dawson, L.E. and Wales, H.G. (1979) The Impact of Free-Sample
Advertising. Journal of Advertising Research, 19, 35-39.

Ailloni-Charas, D. (1984) Promotion: A Guide to Effective Promotional Planning,

472

K2
o5
“2:0

Scientific Research Publishing


https://doi.org/10.1145/1830483.1830701
https://doi.org/10.1111/1540-5885.1220124
https://doi.org/10.1007/978-1-4614-7801-0_17
https://doi.org/10.1155/2015/167481
https://doi.org/10.2307/3172529
https://doi.org/10.1046/j.1365-2710.2003.00481.x
https://doi.org/10.2753/MIS0742-1222300308
http://tech.yahoo.com/blogs/null/96355

Y. Orbach, G. E. Fruchter

[22]

(23]

[24]

[25]

(30]

(31]

(32]
(33]

(36]

Strategies, and Executions. John Wiley & Sons, New York.

Schultz, D.E., Robinson, W.A. and Petrison, L.A. (1998) Sales Promotion Essentials:
The 10 Basic Sales Promotion Techniques and How to Use Them. McGraw-Hill
Companies, Inc., New York.

Armstrong, G. and Kotler, P. (2009) Marketing: An Introduction. Pearson Educa-
tion, Upper Saddle River.

Donohue, J.M., Cevasco, M. and Rosenthal, M.B. (2007) A Decade of Direct-to-
Consumer Advertising of Prescription Drugs. New England Journal of Medicine,
357, 673-681. https://doi.org/10.1056/NEJMsa070502

Libai, B., Muller, E. and Peres, R. (2013) Decomposing the Value of Word-of-
Mouth Seeding Programs: Acceleration versus Expansion. Journal of Marketing
Research, 50, 161-176. https://doi.org/10.1509/jmr.11.0305

Lehmann, D. and Esteban-Bravo, M. (2006) When Giving Some Away Makes Sense
to Jump-Start the Diffusion Process. Marketing Letters, 17, 243-254.
https://doi.org/10.1007/s11002-006-7942-9

Schlereth, C., Christian, B.C., Skiera, B. and Takac, C. (2013) Optimal Prod-
uct-Sampling Strategies in Social Networks: How Many and Whom to Target? In-
ternational Journal of Electronic Commerce, 18, 45-72.

Bass, F.M. (1969) A New Product Growth Model for Consumer Durables. Man-
agement Science, 15, 215-227. https://doi.org/10.1287/mnsc.15.5.215

Hu, Z., Pei, Y. and Xie, R. (2014) Analysis of Product Sampling for New Product
Diffusion Incorporating Multiple-Unit Ownership. Abstract and Applied Analysis,
2014, Article ID: 189062. https://doi.org/10.1155/2014/189062

Lilien, G.L., Rangaswamy, A. and Van den Bulte, C. (2000) Diffusion Models: Ma-
nagerial Applications and Software. In: Mahajan, V., Muller, E. and Wind, J., Eds.,
New- Product Diffusion Models, Kluwer, Boston, 295-336.

Kalish, S. (1985) A New Product Adoption Model with Price Advertising and Un-
certainty. Management Science, 31, 1569-1585.
https://doi.org/10.1287/mnsc.31.12.1569

Rogers, E.M. (1962) Diffusion of Innovations. Free Press, New York.

Engel, J.F., David, K., Blackwell, T. and Rodger, D. (1968) Consumer Behavior.
Holt, Rinehart and Winston, New York.

Kotler, P. (2003) Marketing Management. 11th Edition, Prentice-Hall, Upper Sad-
dle River.

Mabhajan, V., Muller, E. and Bass, F.M. (1990) New Product Diffusion Models in
Marketing: A Review and Directions for Research. Journal of Marketing, 54, 1-26.
https://doi.org/10.2307/1252170

Hauser, J. and Wisniewski, K. (1982) Application, Predictive Test, and Strategy Im-
plications for a Dynamic Model of Consumer Response. Marketing Science, 1, 143-
179. https://doi.org/10.1287/mksc.1.2.143

Shih, C.F. and Venkatesh, A. (2004) Beyond Adoption: Development and Applica-

tion of a Use-Diffusion Model. Journal of Marketing, 68, 59-72.
https://doi.org/10.1509/jmkg.68.1.59.24029

Landsman, V. and Givon, M. (2010) The Diffusion of a New Service: Combining
Service Consideration and Brand Choice. Quantitative Marketing and Economics,
8, 91-121. https://doi.org/10.1007/s11129-009-9077-9

%%
035: Scientific Research Publishing

473


https://doi.org/10.1056/NEJMsa070502
https://doi.org/10.1509/jmr.11.0305
https://doi.org/10.1007/s11002-006-7942-9
https://doi.org/10.1287/mnsc.15.5.215
https://doi.org/10.1155/2014/189062
https://doi.org/10.1287/mnsc.31.12.1569
https://doi.org/10.2307/1252170
https://doi.org/10.1287/mksc.1.2.143
https://doi.org/10.1509/jmkg.68.1.59.24029
https://doi.org/10.1007/s11129-009-9077-9

Y. Orbach, G. E. Fruchter

Appendix A: Reference [30] Three Stage Diffusion Model

The [30] diffusion model, when omitting pricing and advertising factors and
when the adoption influence on uncertainty is linear, is as follows:
I.(t)z(pl +0y 'I(t)+qXI 'X(t))'(l_l(t)) (1)
X(t):(px+qxx'X(t))'(l(t)_x(t)) @)
where I(t) represents the awareness (in percentages) and X(t) represents indi-
viduals who are aware and actually purchased the product. Equation (1) depicts
the diffusion of awareness and Equation (2) depicts the diffusion of actual pur-
chase within the aware group.
The tendencies to progress in the purchase process, or the probability of an
individual to change a stage, denoted @, (t),®, (t) respectively, can be re-

presented as a matrix:

Dy () (P} (an G ) (X (1)
ool o e e 06) ¥
and the change in each group is:

[(t)= @y (1)-(1-1(1))

X(t):q)lx (t)'(l(t)—X(t)) 4)

BLU RAY VS. HD DVD MARKET SHARE: JUNE 2006 — MAY 2007
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Exhibit 1. Blu-ray vs. HD-DVD market share. Source: Nielsen Video Scan.
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