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ABSTRACT 

Methods for predicting subscriber behavior 
in the choice of digital data services are 
described, including novel approaches to market 
segmentation and subscriber choice mode1ing. 
Three-way multidimensional scaling, preference 
mapping, and complete linkage clustering are used 
to cluster subscribers into groups which are 
h'omogeneous with respect to their perceptions and 
va1uations of the non-price features of various 
existing and new data services. These clusters 
form new market segments which cut across 
traditional industry segments. Discrete choice 
models are used to de s ribe how subscribers 
trade-off the price and non-price characteristics 
of service alternatives when considering 
replacement of their current data networks. The 
use of these models in forecasting demand and 
usage is also discussed. 

:1. INTRODUCTION 

The initial val idat i on of the methods 
described in this pap. is based on a market 
research sample of 300 business data service 
subscribers from three Local Access and Transport 
Areas (LATAs) in the Southeastern United States. 
The LATAs chosen were known to be major data 
markets. Six data services were included in the 
study; three existing services and three new 
service concepts. The three existing services 
included analog dial-up and private line services 
and a digital private line service. The three 
new service concepts included two packet service 
concepts and a circuit switched digital service 
concept. Additional validation of these 
techniques is planned and will be based on a 
recently completed survey of over 600 business 
data service subscribers in another part of the 
United States. 

2. THE DECISION PROCESS 

In order to model subscriber choice 
behavior, it is necessary to develop a set of 
assumptions that describe the deci .sion process. 
In the case of data services, we assume that 
'there are two basic steps by which a subscriber 
makes appropriate choices. These assumptions 
provide a set of hypotheses that guide the demand 
analysis work and that can be tested for 
validity. 

First, it is assumed that the subscriber 
restricts his attention to those services which 
are appropriate for his business applications. 
'On1y services which have certain key features 
r~quire.d to satisfy the subs~riber' s data 

communications needs are deemed appropriate •. 
, Second, it is assumed that the subscriber 
chooses among appropriate services in a rational 
manner; that is, he chooses what he determines to· 
be the b'est value. It is further hypothesized 
that the subscriber's value for a particular 
service can be expressed as the difference of his . 
."Willingness to Pay" (WTP) for the service 
features and the cost that would be incurred in' 
actually implementing and using the service. 

3. MARKET SEGMENTATION 

In modeling the first assumption, we 
considered two related questions. First, what 
are the salient features that subscribers pay 
attention to and use to compare services? Data 
services can vary on many different dimensions, 
but subscribers may attend to only a few features 
that are relevant to their business needs. Once 
the salient dimensions are identified, we can 
turn to the second question. What is the 
relative importance of the salient features? 
Although a subscriber may compare services on 
several dimensions, one of these dimensions may 
be most important in determining which service(s) 
the subscri~~r purchases. 

.3.1. Identification of salient features 

Thre~-way multidimensional scaling was the 
statistical technique used to identify the 
salient features. To obtain the data necessary 
for this type of analysis, a sample of analog 
private line subscribers were first given 
information about the engineering features of the 
six data services. They were then asked to rate 
the similarity of all pairs of these six 
services. From this information, it was possible 
to deduce the features that a particular. 
subscribers paid attention to. The technique we 
used, INDSCAL [1], displays the services as a 
configuration of points in an n-dimensional 
space, known as a "group perceptual space". This 
configuration is constructed such that the 
distance between any two services is a linear 
.function of the perceived similarity of those two 
·services. The dimensions in this space 
correspond to perceptual dimensions subscribers 
use when comparing the services. The location of 
the points (services) show where subscribers 
perceive each service as being located on the 
dimensions. 

Although subscribers were given information 
about nine different engineering features of the 
·data services, only three dimensions appeared to 
be salient to the group of analog private line 
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subscribers. These 'three dimensions accounted for 
21, 20, and 16% of the variation in subscribers' 
ratings, respectively. Each additional dimension 
accounted for much less variance, and was not 
interpretable~ The locations of the six service~ 
on each of these dimensions are shown as letters 
in Figure 1. While th~ first and second 
dimensions each corresponded to a specific 
engineering feature, the third dimension did not. 
It appeared to correspond to a service capability 
that results from a combination of aspects of 
several en~ineering features. 
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Figure 1. Group Perceptual Space: 
One Dimensional Plots 

3.2. Relative importance of the salient features 

The next series of analyses determined the 
relative importance of these three dimensions. 
In order to get at this, information, we used the 
technique known as preference mapping. We used a 
version of this technique called PREFMAP [1]. 
The data for these analyses were obtained by 
asking each respondent to rate the 
appropriateness of each service for his data 
communication needs currently being served by 
analog private lines. Answers to this question 
are assumed to reflect the relative importance of 
the salient features. For example, a subscriber 
who values a particular feature would rate 
services which have the feature as more 
appropriate than services which do not have the' 
feature. In preference mapping, each 
subscriber's ratings of appropriateness for the 
services are regressed onto the coordinates of 
the services in the 3-dimensional group 
perceptual space. A vector model of PREFMAP was 
used that yields for each subscriber a preference 
vector that can be plotted in the group 
perceptual space to produce a "joint perceptual-I 
preference map". This vector is selected so that 
the correlation between the projections of the 
services onto this vector and the respondent's 
ratings of appropriateness is maximized. The 
correlation between a perceptual dimension and 
this vector indicates how important that 
dimension was in determining a respondent's 
ratings of appropriateness. 

In Figure 2 the endpoints of the vectors for 
a subset of subscribers are plotted in a two
dimensional subspace of the joint perceptual
preference map, and are shown as asterisks. In 
the figure, each vector is normalized to unit 
length. This 2-4imensional figure suggests that 

some customers 'preferred the positive end of 
'dimension 1, while others preferred the positive 
end of dimension 2. 
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Figure 2. Joint Perceptual-Preference Map: 
Two Dimensional Projection 

3.3. Identifi~~tion of ~arket ' segments 

In the next step of the analysis, we 
determined if there were subsets of subscribers 
who had similar preference vectors. The arc 
distance between the endpoints of two vectors was 
used as a measure of dissimilarity. These 
between vector distances were used as the input 
to a complete linkage hierarchical clustering 
analysis. This analysis indicated that analog 
private line subscribers consisted of two 
segments of customers who valued the salient 
features in very different ways, and confirmed 
the observation made at the end of Section 3.2 
The first segment consisted of subscribers who 
have a very strong preference for services at the 
positive end of the first dimension. Since new 
data services are not located at this end of the 
dimension, this segment tended to rate new 
services as inappropriate for their needs. The 
second segment consisted of subscribers who have 
a very strong preference for services at the 
positive end of the second dimension. Since some 
new data services are located at this end of the 
dimension, this segment tended to rate a subset 
of the new services as appropriate. 

In the final phase of these analyses, we 
examined the differences between these , two 
segments on a number of variables. We first 
looked at the industry types (e.g., 
manufacturing) that made up each segment. These 
analyses indicated that only in one industry 
type, banking, was there a difference in the 
percentage of that type of subscribers in the two 
segments. Such small differences did not 
'reliably differentiate the two segments. 

In contrast to this pattern of results, 
there were differences in variables reflecting 
the size, data communication expenditures, use of 
current services, PBX and CENTREX use, number of 
locations in a LATA, and amount of intra-LATA 
traffic of the subscribers in the two segments. 
Logistic discriminant analysis indicated that 
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these differences did significantly differentiate 
the two segments. If a company did not have t his 
much information about its subscribers, it. would 
have to obtain customer specific information 
before it could use these findings to assign a 
subscriber that was not in the sample surveyed to 
a segment. 

3.4. Discussion 

The findings described in this section could 
be used by a BOC i n a number of ways. First, . 
these findings can give a BOC insight into the 
nature of its data communication market. This 
information could be used by a BOC in positioning 
its products and in designing marketing 
strategies. Second, it could be used in 
designing new ser"vices. Finally, the salient 
features identified via multidimensional scaling 
can be used in building discrete choice models 
f or assessing new service demand (Section 4.4). 

4. MODELING OF SUBSCRIBER CHOICE 

4.1. Gathering choice data 

In order to understand how subscribers 
trade-off features versus price in choosing among 
available data services, it wa~ necessary to 
gather data indicating how customers would choose 
among the alternative services under various 
pricing scenarios. The basic question to be 
answered was how data communications customers 
would restructure their data networks, gi ven the 
availability of an expanded set of alternative 
services under various price scenarios. The 
challenge was to present this question in a way 
which would be understandable for respondents and 
would provide the necessary data for building 
multinomi a l logit and probit choice models. 

It was anticipated that these price response 
questions would be among the mos t difficult for 
respondents to answer. Choosing among data 
services is a complex process in that . the 
respondent must first determine . which services 
have the features required to meet his data 
communications needs. Having determined the set 
of suitable services, he must t hen weigh both 
price and non-price characteristics of the 
various alternatives in making a final choi ce. 
This process is further complicated by the fact 
that the respondent may represent a company with 
multiple business applicat ions, each with its own 
set of data' communications needs and 
requirements. 

The existence of multiple applications may 
cause an individual subscriber to exhibi t 
different choice behaviors in meeting the needs 
of his various applications. While this appears 
to suggest that choice data be gathered 
separately by application, ' this has not proven 
feasible. Because of t he large number of 
potential applications, and because individual 
customers have multiple . applications, this 
approach would be costly and require the 
administration of excessively long, detailed 
marke t research questionnaires. Furthermore, 
evidence from one of our earlier market research 
efforts suggests that a single named application 
may give rise to different data communications 
needs for different customers. Fortunately, 
there is a relatively simple solution to this 
dilemma. Since all applications served by a 
particular data service are at least comparable 
in that the . ~ervice features are suftic~en~ to 

serve their data communications needs, it is 
natural to group applications according to 
current service type and model subscriber choice 
separately for each such group. Respondents were 
therefore asked to make separate choices for each 
of their current data services. The results 
quoted in subsequent sections are based on their 
choices for their existing analog private lines. 

The questions themselves were broken into 
small components and were structured to give both 
interviewer and respondent the opportunity to 
check for consistency. For example, when queried 
about his analog private lines, a respondent was 
first reminded of the number of analog private 
lines used by his company within the study LATA. 
He was then asked how many he would like to see 
replaced, ~iven a set of alternatives at specific 
prices. Finally, he was asked how many pf the 
replacements would - correspond to each 
alternative. Consistency required that the 
number of replacements by alternative add to the 
total number of replacements and that the total 
number of replacements be less than the total 
number of analog private lines. 

Although some customers may benefit from the 
consolidation of several current data lines onto 
a single new service line (e.g., several analog 
private lines onto a single digital line), the 
above procedure forced respondents to substitute 
on a one-for-one basis. This greatly simplified 
the respondent's task. Furthermore, the 
resulting data are s~fficient to determine how 
customers trade off the price and non-price· 
attributes of th~ various services. The 
potential for consolidation is more appropriately 
assessed in a pricing and reconfiguration model 
(Section 5). 

4.2. Fitting discrete choice models 

It is tempting to assume that responses to 
the questions described above will approximate a 
sequence of independent first choices. Under 
this scenario, the data would be treated as if 
subscribers make independent decisions about 
individual lines; and discrete choice models 
(e.g., multinomial logit and probit models) could 
be fit using individual lines as the basic 
sampling unit. Our recent market research has 
failed to support this assumption. When 
considering replacement of current data lines, 
most respondents treated lines of a given service 
as a unit; that is, they preferred to either keep 
all such lines or trade them off for lines of a 
single alternative service. Of those customers 
who split their lines among two or three 
alternatives (three was the maximum observed), 
many represented subscribers with a large number 
of lines. This may have indicated the 
implementation of more than one. application or 
may have reflected a desire to "tryout" a new 
service. 

Because the segments described in Section 
3.3 partition subscribers into groups which value 
the salient features of data services in 
fundamentally different ways, it is natural to 
~ttempt to fit . segment-specific choice models. 
In doing this, we found that the WTPs for the 
service alternatives differed by segment and 
·generally reflected segment-specific feature 
preferences. Further work is required to assess 
any potential for bias which may result from 
fitting segment-specific models. 
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4.3. Mu1tinomia1 10git models 

The following simple model illustrates the' 
application of mu1tinomia1 10git models. Suppose 
that a subscriber currently uses a single line of 
a given data service. His utility for service j 
is assumed to be of the form 

U(j) = a(j) - bB(j) + e(j), (1) 

where j=l denotes the subscriber's current 
service, a(j)/b denotes a "representative" 
subscriber's WTP for service j over his current 
service, and B(j) denotes the monthly bill the 
subscriber would incur in utilizing service j. 
The e(j)'s are assumed to be independently and 
identically distributed according to the extreme 
value distribution over the population of 
subscribers. The model is easily extended to 
customers with N lines by multiplying the right 
hand side of (1) by N. Models allowing 
multiplication by a function of N are also being 
investigated. 

More general logit models, incorporating 
additional subscriber and service attributes, can 
also be described. A general framework for such 
models is given in [2]. 

4.4. Mu1tinomia1 probit models 

If the e(j)'s in (1) are assumed to be 
independent and i.denticall~ d,istributed normal,s, 
th~ resulting model is known as the independent 
probit and yields WTP estimates nearly identical 
·to those produced by the logit model. In light 
of its computational advantages, the logit model> 
is therefore to be preferred. Both models have' 
'been criticized, however, due to their 
"independence of irrelevant alternatives" 
(i.i.a.) property. Briefly, the i.i.a. property 
states that the relative odds of · one service 
being chosen over another is independent of the 
presence or absence of other service alternatives 
.[3]. Clearly, this does not hold for all 
conceivable choice situations. 

Assuming the e(j)'~ in (1) to be jointly 
normal and allowing for nonzero correlations _ 
gives rise to a class of correlated probit 
models. Within this class are models which are 
not constrained by the i.i.a. property. Hausman 
and Wise [3] have described methods for 
constructing correlated probit models which can 
be used to express a subscriber's WTP for a 
service alternative as a sum of his WTPs for its 
salient features. Under such models, WTPs for 
different features are assumed to have 
independent normal distributions across the 
subscriber population. WTPs for sums of these 
features (i.e., services) are correlated to the 
extent that their features overlap. The salient 
features identified by multidimensional scaling 
(Section 3.1), together with a "feature" 
indicating whether an alternative is the 
subscriber's current service ' or not have been 
used to construct correlated probit models in the 
present context. While initial results indicate 
that such models do not fit the data as well as 
do logit models when all alternatives ar~ 

included, additional verification is required. 
Given their freedom from the i.i.a. assumption, 
these models may prove useful when some 
alternatives must be deleted (e.g., when a 
service is not deployed in certain areas). 

.5 • FORECASTiNG DEMAND 

One of the major benefits of mode1ing 
subscriber decision behavior is that it 1ea~s to 
improved methods for forecasting demand. F1gure 
3 illustrates how customer decision models can be 
incorporated into a comp~terized system · . for 
forecasting the demand for new data ser~1~es. 
This allows the extrapolation from a l1m~ted 
market research .samp1e to an entire data market. 

Figure 3. Demand Analysis System 

The input database for such a system 
'consists of network information for all a BOC's 
data communications customers in a particular 
geographical area. For each subscriber, the 
database includes the company name and industry 
code, together with information on the 
subscriber's ' data circuits, including circuit 
identifier, endpoints for circuit segments 
(identifying the serving wire center), line 
speed, and service type. 

With the detailed picture of a subscriber's 
data network provided by the input database 
·described above, one can determine reasonable 
scenarios for reconfiguring the network using 
alternative data services. Each of these 
scenarios can be priced out, using rates and 
~eployments together with the likely usage 
carried on such a network (Section 6). 

Having determined appropriate replacement 
scenarios and their corresponding prices, 
customer decision models can be applied to 
determine how a typical subscriber would then 
trade-off price versus service features for eacH 
scenario. The result is a set of probabilities 
indicating the likelihood with which a typical 
customer would choose each scenario. Total 
market shares are determined by aggregating these 
1ikelihoods over the entire subscriber database. 

Note that rates and deployments are listed 
as user inputs. By varying these inputs, the 
user can study how various p.ricing and deployment 
scenarios will impact data services demand. 

6. THE ROLE OF USAGE 

For some services, a ' subscriber's monthly ' 
bill i: a function of the usage on his data 
lines. Figure 4 illustrates how a subscriber's 
usage can affect the attractiveness of different 
data service alternatives. Circuit switched 
digital services are often high speed services 
for which .the total monthly bill incre~ses with 
total connect time. As a result, this service is 
most attractive for those applications which 
require the transmission of large quantities of 
data over a relatively short period of time 
(i.e., batch applications). Pricing for packet 
switched services, on the . other hand, is of~~n 
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sensltlve to the quantity of data trans~itted, 
and is therefore more attractive for applications 
which transmit small amounts of data over long 
periods of time (i.e., interactive applications). 
Figure 4 exhibits hypothetical boundaries which 
delineate a "region of attractiveness" for each 
service. Since any measure of attractiveness 
must be a function of relative take rates, these 
regions cannot depend solely on usage, but must 
account for rates and subscriber WTP as well. 

HIGH 
circuit 
switched 

DATA MEAN attractive * mean usages 
QUANTITY 

packet 
LOW switched 

attractive 

LOW MEAN HIGH 

TOTAL SESSION TIME 

Figure 4. The Role of Usage 

Given that demand is to be forecast for 
varying rates and dep1oyments, the discussion 
above points to the need for a thorough 
understanding of subscriber usage patterns. It 
is clear that knowledge of a few summary measures 
(e.g., usage means) will not suffice, since, as 
indic~ted in Figure 4, regions of attractiveness 
are not necessarily defined by such summary 
measures. At the minimum, one needs a knowledge 
of the bivariate distribution of data quantity 
and total session time across the subscriber 
population. Ideally, this knowledge should be 
based on actual usage measurements covering the 
entire subscriber population. This information 
could be called upon as needed in the 
reconfiguration and pricing model described in " 
Section 5. In practice, such measurements are 
often impossible to obtain, particularly for 
private line services. This makes it necessary 
to depend upon usage distributions constructed 
from market research surveys. Using such 
distributions, it is possible to simulate the" 
usage of any given subscriber. This simulated 
usage can then be fed to the ~econfiguration and 
pricing algorithm for use in usage sensitive 
"pricing schemes. 

By obtaining separate distributions for each 
current service type, it is possible to simulate 
shifts in usage which will occur as current lines 
are replaced by alternative services. Recall 
that for each subscriber in the input database, 
the customer decision models compute the 
1ike1ihoods with which such a customer would 
choose a variety of reconfigured networks. By 
assi~ning the usage on the subscriber's current 
network among the reconfigured networks 
proportional to these 1ike1ihoods, and 
aggregating over the subscriber base, we can 
"estimate the expected usage shifts which will 
occur under any given rates and deployments 
sce~ario.-
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