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INTRODUCTION

Many conceptual models have been
proposed that show linkages between
customer experiences and perceptions and
downstream financial outcomes such as
impact on revenue, market share, or
profitability (Brandt, 1998; Heskett, Sasser,
and Schlesinger, 1997; Kaplan and Norton,
1996; Ramaswamy, 1996). Direct empirical
investigations and confirmation of assumed
linkages have been less frequent or publicly
available (Rucci, Kirn, and Quinn, 1998;
Rust, Zahorik, and Keiningham, 1994; Rust,
Zeithaml, and Lemon, 2000; Johnson and
Gustafsson, 2000).

This paper outlines an analytical planning
framework for building a decision support
simulator that will enable the user to: 1)
quantify the presence or absence of linkages
between product and/or service quality
perceptions and financial outcomes, 2)
determine the strength and leveragability
of such relationships and 3) rank alternative
product and/or service improvement
strategies for managerial action based on
expected financial return to the enterprise
through an investment vs. return analysis.

INTEGRATING
INFORMATION STREAMS

A sound decision support simulator should
aim to identify and integrate three streams of
enterprise information: 1) the “voice of the
customer” (from customer surveys), 2) the
“voice of the process” (from company internal
financial performance and cost data) and 3)
the “voice of management” (via judgement
in visualizing alternative improvement

strategies, and risk/return trade-offs).

Voice Of The Customer (VOC)

Typically, VOC data are collected using
customer satisfaction/relationship surveys,
where customer perceptions about vendor
or brand performance are scaled in some
manner from low to high. Corporate owners
of these data vary by organization, but
generally reside in marketing research, quality
or customer relationship management
departments or functional areas.

Voice Of The Process (VOP)

VOP data are compiled as a natural
byproduct of doing business. They summarize
annual and/or lifetime purchasing of goods
and services by a firm’s base of customers
and are recorded and tracked at the
individual customer level. Additionally,
these data include the known costs of
operations (labor, materials, utilities,
insurance, benefits, etc.). Typically, VOP
data are owned by accounting departments
and data warehousing/mining operations or
database marketing functions.

Voice Of Management (VOM)

VOM is not a data stream in the same sense
as VOC or VOP data, but represents an input
to decision support simulators just as critical
as the harder forms of information. VOM
input represents the risk accepting/risk avoiding
nature of the firm's management, as well as
accumulated managerial wisdom about the
nature of the markets served, and just as
importantly, the nature or culture of the
organization and what it is and is not capable
of doing, either operationally or politically.

BALANCING PAYBACK
AND INVESTMENT

Two primary analytical devices are used to
produce an ROI-driven decision support
simulator: 1) a multivariate statistical model
of the relationship between customer
perceptions of performance and an outcome
(criterion) variable such as observed customer
retention, customer longevity or customer
value in dollars and 2) internal process and
cost analyses determined by the systematic
mapping of targeted processes.

Estimating Payback

There are seven primary phases required to
build the portion of the simulator that
estimates payback: 1) Construct a theoretical
model, 2) Acquire and integrate data, 3)
Perform data hygienics, 4) Explore the data,
5) Select a criterion (outcome) variable, 6)
Screen and select predictor variables, 7)
Select an appropriate modeling technique,
given the scaling properties and linearity of
the data.

Construct a conceptual model as a guideline
for further model building activities. This
is typically a flowchart or other conceptual
schematic that illustrates how the model
builder and end user of the simulator
hypothesize the relationships between both
predictor and outcome variables, as well as
any suspected interrelationships between
predictor variables. It is imperative that
the model builder work closely with
the intended end users (typically managers
or other decision makers) of the

model/simulator at this stage. Such a
cooperative effort allows the model builder
to understand how management believes
underlying business processes impact
customer perceptions, and it allows

management to gain a realistic set of
expectations regarding what a decision
support simulator can and cannot

realistically provide.

Acquire and integrate data. This phase can
prove to be very challenging, because it
often requires the model builder to cut
across “functional silos” within an
organization. Often, owners of VOC and
VOP data use different forms of software or
differing file formats. The emphasis with
VOC data by a marketing research
department, for example, is often at a person
level (disaggregate) while the emphasis on
VOP data by an accounting department is
usually at the income statement/balance
sheet level (aggregate). Further

complications arise from silo members who
do not speak the same corporate language,
and in many organizations, do not typically
know each other very well. Another party
to the process of acquiring and integrating
the right data is typically an Information
Technology (IT) group whose expertise is
needed to weld disparate data sources
together into a common format for the
modeler. IT departments in many

organizations are long on special projects
and short on staff, which can extend time
horizons and impact the actionability of a
simulator, possibly making the data obsolete
before the modeling process even begins.
These potential barriers speak to the need
for support from high in the organization
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for simulator building activities. A champion
in upper management is often required to
enable the creation of a multidisciplinary
design team or taskforce consisting of
representatives from VOC, VOP and 1T
areas with a common purpose and the
authority to pull the pieces together in a
timely manner.

Perform data hygienics. VOC data, if
coming from an existing customer

satisfaction tracking system, may already
be clean regarding the handling of missing
values, data recoding, creation of composite
variables, etc. VOP data, for the purposes
of statistical model building, may be much
messier. Qutliers, and thus variance, may
be extreme (for example, annual revenue
per customer for some types of businesses
may range from a few dollars to millions of
dollars) creating odd distributions. It may
not be readily apparent if customer dollar
figures are recorded at an account level or
at a purchasing agent level. Since the

modeler is working with data originating
from often unfamiliar functional areas, great
care must be taken and assumptions kept
to a minimum.

Explore the data. It is critical to understand
how the variables are distributed as well as
the nature of the relationship between
potential predictor and criteria variables.
Most commonly applied and accessible
multivariate modeling techniques assume
that predictors are distributed “multivariate
normal,” are uncorrelated with one another,
and have a linear relationship with the
criterion variable. Since the predictors used
to build decision support simulators are
frequently acquired from survey data, it is
rare that these conditions are fully met.

The degree of interrelationship among
predictors can be checked with appropriate
correlation coefficients. Since most survey
based performance attributes are collected as
scaled ratings and assumed to be on an interval
metric, a matrix of Pearson correlation

coefficients can aid in identifying highly
dependent items. If the predictors are not of
at least interval scale, or there is a mixed bag
of scales among predictors, then many special
purpose correlation coefficients are available
in standard statistical analysis packages (SAS,
SPSS, SYSTAT) for dealing with

dichotomous, nominal or ordinally scaled
variables (biserial, point biserial, polyserial,
polychoric, tetrachoric, etc.). Full discussion
of the assumptions of multivariate analysis
techniques is beyond the scope of this paper,
and many excellent general reference sources
are available (Andrews, Kelm, O’Malley,
Rodgers, Welch, and Davidson, 1998; Hair,
Anderson, Tatham, and Black, 1998).

Select an appropriate criterion variable.
Since the ultimate objective is a simulator
that allows comparison of product, service
or process improvement strategies on the
basis of RO, the criterion variable must be
either a direct measure of customer value
in dollars, or an intervening variable that
is directly linked to the monetary value
of customers. Such outcome variables best
come from VOP data. In other words, a
criterion that is defensible from an ROI
standpoint is ideally based on verifiable
behavioral outcomes, not “claimed”
behavior or behavioral “intent” as measured
in surveys.

Selection of an appropriate criterion should be
done in the context of market and purchasing
dynamics. Brandt (2000) lists a number of
factors that impact a firm’s ability to quantify
a linkage between customer perceptions
and financial or marketplace outcomes:
1) competition and availability of buyer
options, 2) degree of market differentiation,
3) business or market cycles, 4) consumption
cycles, 5) formality of the buyer-seller
relationship and 6) progressive effect of
customer expectations and experiences.

All of these factors can play a role in
mediating or moderating the relationship
between service performance and financial
outcomes. For example, firms in restricted
competition or monopolistic market
conditions may not see a strong correlation
between customer perceived performance
and customer retention, due to the “hostage
effect” as described by Jones and Sasser
(1995). A thoughtful and focused job
by both model builders and end users
when constructing a conceptual model
will greatly aid in identifying alternative
criteria variables designed to overcome
problems created by these market and
purchasing dynamics.

Screen and select predictor variables.
Depending on the class of model employed,
systems of predictor and criteria variables
can reveal information that is either

primarily descriptive or primarily

prescriptive. Decision support simulators
are intended to be prescriptive management
tools, that is, tools that imply specific action.
They do not replace management decision
making, but enhance it by focusing attention
on the most critical variables in an action
oriented context. If a researcher is interested
only in the predictive ability of a model,
then the fact that specific predictor

coefficients behave erratically because of
interdependence (multicollinearity or MC)
may not be of great concern, as long as there
is a high degree of confidence in the

predictions of the model. To be truly

prescriptive, a decision support simulator
must meet a higher level of clarity — it
must provide an accurate prediction of
market outcome and enable the decision
maker to identify which performance
variable(s) drive the outcome. This is
necessary for decision makers to a) identify
what types of corrective actions might be
needed and b) frame how to estimate the
cost of improvement for ROI calculations.
Since simulators need to be prescriptive,
they must deal explicitly with the problem
of MC among predictor variables.

Alternatives for dealing with MC include:

e Factor analysis (typically principal
components analysis) of predictor
variables to develop mathematically
independent composite variables that
are used as predictors in place of the
original survey items. This approach
delivers clean coefficients, but may
create conceptual problems for decision
makers or other end users of simulators.

¢ Another approach is to use factor analysis
as a qualitative guide to construct
summated scales or multi-item indices
of original variables, followed by use of
the summated variables as predictors
(Grapentine, 1997). This minimizes the
impact of MC, and allows for better
management of its effects. This approach
is more concrete than classical factor
analysis, but may still be too abstract and
nonspecific for some end users.

¢ An alternative to both the factor score
and summated scale approaches is to first
use factor analysis to derive general
dimensions among a set of predictors,
then select one original variable from
each factor to serve as a representative
of the dimension. The highest loading
service attribute is selected for each
factor. This approach has the advantage
of providing predictors that have
minimum intercorrelations, are directly
interpretable, non-abstract, actionable
and better capable of pointing the
modeler in the right direction to begin
estimating potential costs of improvement.

e If a multiple regression technique is
chosen, then the use of “equity estimators”
to obtain regression coefficients that
control for MC can be applied (Rust,
Zahorik, and Keiningham, 1994).

Some classes of models available as
“simulator engines,” while not eliminating
the problem of MC, allow the modeler to
manage it by simultaneously observng the
interrelationships among original measured
variables and derived latent variables
(similar to factors). Examples are structural
equation models (SEM), partial least
squares regression (PLSR), principal
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components regression (PCR) and sliced
inverse regression (SIR). Additionally, the
discipline required by these approaches to
conceptualize variables and operationalize
them in path diagrams helps prevent
the inclusion of multiple variables that
measure the same underlying construct

(Maruyama, 1998).

Select an appropriate modeling technique,
given the scaling properties and nature of
the data. One of the issues mentioned in
“Explore the data” above — linearity — is
especially critical to the task of model
selection. Determining whether a linear or
nonlinear relationship exists between
predictors and the criterion can often be
accomplished by visual inspection of the
data via scatterplots, or calculating summary
statistics (such as means) for the criterion
variable for every level of a predictor, and
plotting the results in a simple line chart.
Additionally, simple regression analysis
followed by analysis of residuals will reveal
nonlinear relationships. If nonlinear
relationships are found, then the type of
curve present can be estimated with
curve-fitting procedures. Faced with
nonlinearity, the modeler’s options include:
e Ignore it, especially if it is minor, and
the data are linear across the “practical
range” of the scale, that is, the range
where most of the simulations will take
place (for example, simulating
improvement in the average “helpfulness”
rating from 6 to 7 on a 10 point scale,
when the nonlinearity is in the 9-10 range).

¢ Apply linear transformation techniques.
Many such transformations are available
(e.g., square roots, logarithms, inverses, etc.)
and the reader is referred to Box and Cox
(1964) and Mosteller and Tukey (1977).

¢ Select a non-linear modeling technique
(e.g., polynomial multiple regression or
nonlinear multiple regression).

Generally speaking, it is best to apply the
simplest modeling technique possible that
is consistent with the scale and nature of
the data to be simulated. Applying linear
transformations or nonlinear analysis
techniques can substantially increase the
timing and costs of building decision support
simulators. If a nonlinear approach is
required to create a sound model, then by
all means that should be done. If the
situation is marginal, the improvement in
predictive ability may not be significant
enough to justify the greater costs and
complexity.

Estimating Investment Requirements
While much previous discussion has focused
on the criterion variable for purposes of
modeling payback, an outcome variable of

particular interest to many decision makers
is return on investment (ROI). For example,
a financial services firm could improve the
average rating of “Customer service reps always
being available when I need them” by 1 point
on a 10 point scale, yielding an estimated
3% increase in customer retention and

$15,000,000 in incremental annual revenue.
Such a finding may be misleading without
knowing what level of investment will be
required to accomplish the 1 point increase.
This improvement could be accomplished
in a number of ways, each with differing
investment requirements to the firm.

Since a simulator is only as good as the quality
of its inputs, it is critical to estimate as closely
as possible the investments associated with
candidate improvement strategies. Two useful
tools for determining the internal cost
implications of a customer service

improvement initiative are TRACTION™
(Turning Results Into Action), and Process
Opportunity Assessment (POA).

TRACTION was developed at Burke, and
POA is a service provided by Burke in

conjunction with the management consulting
firm Corporate Renaissance.

TRACTION. TRACTION is an action
planning process facilitated by Burke
consultants within a client company, and
involves creating a cross-functional internal
task force of mid-level and senior managers.
The primary role of this group is to use the
findings from VOC survey analyses to
identify the most critical customer issues,
find linkages between the critical customer
issues and key internal business processes
and identify root causes of problems and
recommend solutions. The ultimate
deliverables from this group are
recommendations to senior management
for each critical customer issue in terms of
possible action paths, who should take
action, timelines for action, investment
requirements for each proposed action and
expected ROIL.

A key tool typically used by TRACTION
teams is the type of ROI-based decision
support simulator described in this paper.
The needs of the TRACTION team and
the ROI simulator are intermeshed. The
simulator helps the TRACTION team hone
in on issues that deserve closer inspection,
and the TRACTION team ultimately feeds
investment requirements back to the
simulator.

The TRACTION team uses the payback
function of the simulator to help develop a
short list of customer issues based initially
only on potential payback (i.e., raw estimates
of increased customer value in the absence

of cost or investment information). Once
the TRACTION team has completed its
analysis of the targeted processes, they
estimate the level of investment required to
accomplish a desired improvement and this
becomes an important final input to the
ROI-based simulator. Ultimately, the
TRACTION team revisits its initial short
list of proposed strategies and refines the
priorities for action based on final ROI
analysis made possible by the team’s
investment estimates. A key document
produced by the TRACTION team and
delivered to senior management is an
improvement plan profile (IPP), which based
on VOC feedback and the identification of
hot button customer issues recommends what
to do, who does it, how long it will take,
how much investment is required and an
estimated ROI (calculated using the
ROI-based decision support simulator).

Process Opportunity Assessment (POA).
POA is designed to give a rapid

understanding of a core business process,
especially in terms of labor efficiency (Cross,
Feather, and Lynch, 1994). It seeks to define
and quantify the workload in terms of
volume, mix, problems and root causes.
Quantification of the workload then leads
to the quantification of the process itself
by developing a map and a model of the
process. Once a model of the process is in
place, the ultimate goal of POA can be
attained, which is the identification of key
opportunities for improvement. Benefits of

a POA include:

e Highlight key opportunity areas for
improving effectiveness and efficiency

e Provide clear specifications for a process
redesign effort

¢ Identify some specific improvement ideas
and options (ultimately to be tested with
the ROI-based simulator)

® Assess impacts on capacity, costs,
and service

Where TRACTION is a macro level view
across several potential improvement
alternatives, POA is typically used to dive
deeper into a specific process and its

sub-processes to isolate and quantify both
the value-added and non-value added
activities. TRACTION and POA can be
used together in a complementary fashion,
with TRACTION used as a general tool,
and POA used as a specialized tool.

TRACTION and POA are mentioned in
this paper for their ability to provide cost
and investment information required to run
an ROI-based simulator. Obviously, the
benefits to an organization of employing
either or both of these tools go well beyond
this feature.



PUTTING IT ALL TOGETHER:
A CASE ILLUSTRATION

The following figures illustrate in concrete
terms a user interface that integrates the
types of inputs and outputs discussed in this
paper for a decision support simulator. These
examples are drawn from the FISCAL®
simulator offered by Burke, Inc.

Inputs — Designate Strategy Scenarios. In
the example shown in Figure 1, the user
enters labels for the strategies to be simulated.
Three alternative strategies are under
consideration in this example. The firm
could: 1) Develop a better training program
for service reps on technical product issues,
2) Hire more service reps or 3) Improve
training of employees to be more empathetic
with customers experiencing problems.

Inputs — Investments Required. Figure 2
shows how the user enters investment
information and estimated timing for the
investment. Note the field labeled “Total ‘life
of project’ dollar investment requirement.”
Using information from analyses based on
TRACTION and/or POA, this is where the
expected investment requirement of each
strategy is entered, in this case $2,000,000.

Next in the simulator are options for entering
time effects, if desired, that may be associated
with executing specific strategies. This section
of the simulator allows the user to recognize
that not all costs of an intervention strategy
will be incurred in the same year (and as will
be discussed later, neither will the payback
be instantly acquired). For example, Strategy
#1 (Revamp Product Training Program) may
initially require advance planning and

ramp-up by the firm’s Human Resources
department and outside training consultants.
Costs may be incurred early on without

immediate customer payback since customers
will not have an opportunity to interact with
retrained service reps for several months.

Here, the user has spread the cost to recognize
that the lion’s share of the investment (60%)
is incurred in Year 1, with the remainder in

Years 2 and 3.

Inputs — Expected Attribute Impact. In
the screen illustrated in Figure 3, the user
indicates which of the key driver attributes
Strategy 1 is targeted to impact. In this
example, a redesigned product training
program is expected to improve customer
perceptions for the attribute “Technical
knowledge of service reps” by one-half of a
rating point (.5), on average (based on a 10
point scale used in the customer research).
Any level of perceptual change can be
simulated, either positive or negative. The
user can also choose to simulate several
attributes changing simultaneously, if desired.

Figure 1: FISCAL Input Screen To Define Strategy Scenarios

FISCAL®

INCORPORATED

How many strategies do you want to simulate in this session?
Enter a label for each strategy:

LStr‘alegy 1] [

[ Strategy 2 \ [

Revamp Product Training Program ]

Increase Service Rep Staff By 25%

I Strategy K—I I Friendliness Training For Service Reps |

Done With
Strategy Labels

LN OS2 B0

Figure 2: FISCAL Input Screen For Investment Data
Burke FISCAL®

INCORRORATED

Enter dollar investment and timing information about this strategy:

Strategy 1 Revamp Product Training Program

Doliars
Required?

I Total “life of project” dollar investment required ] $2,000,000

Year Year Year
1 2 3

Enter estimated three year “spread” of investment o o o
in % terms for each year (must = 100%) 60%| |30% | 110%

What cost of capital is in effect for this project? | 7%

Done With
Investment Info
For Strategy # 1

W Tl S EXG )

Figure 3: FISCAL Input Screen For Expected Attribute Impact



Inputs — Payback Timing. Figure 4 shows
the final screen for input for Strategy #1.
Here, the user has the ability to recognize a
spread in payback across the same time
horizon as seen previously with investment
dollars. This option exists because there is
usually a time delay between the decision
to pursue a strategy and completing the
necessary planning and resource acquisition
prior to beginning the execution of the plan.
Also, once strategy execution begins, a lag
may exist before its impact is observed.

The series of screens shown in Figures 1-4 are
completed for each of the strategies designated
by the user at the beginning of the session (in
the current example, for all three strategies
described in Figure 1). Once the necessary
information has been entered by the user, the
simulator is ready to do the analysis to balance
payback vs. investment requirements.

Outputs — Ranking Of Improvement
Strategies. Finally we come to the FISCAL
output illustrated in Figure 5. In this example,
Net Present Value (NPV) is the metric of
choice for assessing return on investment. The
NPV figures are the sum of the discounted cash
flows across the time horizon (i.e., the sum of
the differences each year between the payback
and costs, reported in current dollars). As seen
in this example, Strategy #1 (Revamp Product
Training Program) offers the greatest potential
return to the firm with a NPV of just over
$3,000,000 ($1,000,000 better than the second
place strategy). Output screens and deliverables
from the simulator vary from one situation to
the next, depending on the needs of the user.
For example, additional output might include
impact of each strategy on a customer loyalty
metric, changes in the percentage of loyal or
secure customers, as well as best case — worst
case risk analyses for each strategy.

Figure 4: FISCAL Input Screen For Payback Timing

Figure 5: FISCAL Output Screen

SUMMARY AND CONCLUSION

Demand continues to grow for evidence
of the bottom-line impact of customer
satisfaction and loyalty initiatives.
Guidance and assurances are sought
that investments made in managing
relationships with customers, as well
as those made in relevant process and
quality improvements, can contribute
to growth in revenues and profitability.
A sound decision support simulator
allows decision makers to

simultaneously assess the payback
potential and investment implications
of alternative product, service or
process improvement strategies. Such
simulators can satisfy the needs of
management for profitable prescriptive
guidance by integrating VOC, VOP,
and VOM information into an

ROI-focused decision support tool.
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