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The Powerful Triangle of Marketing Data, Managerial Judgment,

and Marketing M anagement Support Systems

Abstract

In this paper we conceptudize the impact of information technology on marketing decison-making. We
argue that developments in information technology affect the performance of marketing decison-makers
through different routes. Advances in information technology enhance the possibilities to collect data and
to generate information for supporting marketing decison-making. Potentidly, this will have a postive
impact on decison-making performance. Manageria expertise will favor the transformation of data into
market ingghts. However, as the cognitive capabilities of marketing managers are limited, increasng
amounts of data may aso increase the complexity of the decison-making context. In turn, increased
complexity enhances the probability of biased decison processes (e.g., the ingppropriate use of
heurigtics) thereby negatively affecting decison-making performance. Marketing management support
systems, aso being the result of advances in information technology, are tools that can help marketersto
benefit from the data explosion. These systems are able to increase the value of data and, at the same
time, make decison-makers less vulnerable to biased decison processes. Our andyss leads to the
expectation that the combination of marketing data, managerid judgment, and marketing management
support systems will be a powerful factor for improving marketing management. Implications of our
andysis are discussed.

Keywords: Information Technology, Decision Making, Decision Biases, Marketing Management

Support Systems



Introduction

In recent years, marketing has been heavily influenced by devdopments in information and
communication technology. Technologica developments, such as the introduction of bar code scanning
and the Internet, provide marketers with enormous amounts of data. The availability of more and better
data should offer opportunities to marketing decision-makers to make better-founded decisons. At the
same time, it confronts decision-makers with the issue of how to process and incorporate al of these
data in their decison-making processes. Managers, nowadays, see perhaps a thousand times the
volume of data (more frequently collected in finer detall) they saw five years ago. The human bran,
however, has not become comparably more powerful in the same period. More data cannot lead to
better decison making unless managers learn how to exploit that data in meaningful ways (Lilien and
Rangaswamy 1998, p. xiii). This means that if, for example, marketers in fast moving consumer goods
industries are offered weekly AC Nielsen data instead of recelving them once per four weeks, this will
not automaticaly improve their decison performance. Potentidly, weekly data in themsalves can offer
more market indgght than monthly data. However, it depends on the cognitive capacity of the marketer
and of the (decison support) tools he or she has available whether more detailed data will improve
decison performance rather than that it leads to a Stuation of information overload and biased
decisons. In deciding about whether to buy weekly or monthly data, marketers will have to consider
these factors.

The avallability of more marketing data has both benefits and costs (Payne, Bettman, and Johnson
1993). A benefit of more data is that it will postively affect the posshbility to attain decison accuracy.
However, processng more data will also require more cognitive effort. According to Payne et d.

(1993) individuas intdligently trade off accuracy and effort. That is, decison processes will reflect a



reasonable compromise between the desire to benefit from more data and the desire to minimize
cognitive resources used in exploiting data and making decisons. This leads to the contingent use of
heurigics (eg., amplifying drategies that are more sdlective in the use of information, Payne et d.
1993). The outcome of the trade-off, and thus the use of the heurigtics, will be contingent upon a variety
of task, context, and individud difference factors. Thus the net effect of more marketing data on
decison performance will be afunction of the benefits and costs.

In this paper we analyze the impact of incressing amounts of marketing data on decison performance.
We argue that marketing management support systems are tools that can help decison-makers to
effectively cope with and benefit from the data exploson. Each of the three components, marketing
data, manageria judgment, and marketing management support systems has its particular strengths and
weaknesses as will be described in this paper. In combination, the strengths of the individua €ements
will be reinforced and their weaknesses will be compensated. Therefore, especialy the combination of
the three dements is expected to be powerful.

The purpose of this paper is to show how marketing management support systems make marketers
benefit more from the availability of new data sources. In Figure 1 we graphicaly show the relationship
between the amount of data and decison performance and how this relaionship is affected by

managerid judgment and the availability of marketing management support systems.

-Tekein Figure 1-



The Effectiveness of Marketing Management Support Systems

In the marketing science literature the work put into the devel opment of marketing management support
systems reldive to the effort spent on investigeting their effectiveness has been modest. A number of
(field) experiments was conducted, however, the results of these experiment were not conclusive. For
example, Fudge and Lodish (1977) investigated the effects of the use of the CALLPLAN mode (1971)
by sdes managers of United Airlines for determining optima sdes-cdl frequency schedules. They
reported that the use of this modd led to sgnificantly higher sdes. A confirmation of this effect was
found for a amilar sdles-planning system in the pharmaceutica company Syntex (Lodish, Curtis, Ness,
and Simpson 1988). In alaboratory setting Chakravarti, Mitchell, and Stadlin (1979) found that the use
of amarketing modd did not improve the quaity of marketing decisons. In fact modd users made even
poorer decisions. However, Mclntyre (1982) reported an opposite finding in a laboratory setting: in his
sudy MMSS users did perform better. Not only in marketing inconclusive findings on the impact of
information systems were reported. Review aticles of Sharda, Barr, and McDonnd (1988) and
Benbasat and Nault (1990) show that in generd the effects of information systems have been mixed.
Therefore, ingght in the question what makes an information system effective is necessary.

As early as in the early 1970s in the information systems literature severa researchers like Chervany,
Dickson, and Kozar (1972), Lucas (1973), Mason and Mitroff (1973), and Mock (1973) studied the
question of the effectiveness of information systems. They developed theories or frameworks that
described the factors thet affect the effectiveness of an information system. Summearizing their work we
can identify four sets of factors that determine how effective an information system is. These factors are:
(1) the characteridtics of the information system itsdlf; (2) the characteristics of the decison maker who

used the system; (3) the characteristics of the problem which is being solved; and (4) the characteristics



of the environment in which the decison maker is operating. Eierman, Niederman, and Adams (1995)
conclude that of al the different possible combinations of factors that can be sudied only haf has
actualy been studied. They plead for fuller DSS research modds to understand contingencies and thus
the mechanisms through which an information system works. This means thet it is no longer sufficient to
know which factors affect the success of information systems but that knowledge is needed about the
process through which information systems affect decison-making, i.e,, why (Barr and Sharda 1997)
how they affect decision making.

Some papers shed light on this issue. Hoch and Schkade (1996) and Van Bruggen, Smidts and
Wierenga (1998a) show that decison makers tend to apply a so-cdled pattern matching approach in
which they focus especidly on the smilarities between a problem a hand and previous Stuations they
have experienced. This strategy works well in stable environments but might be less effective in turbulent
environments. In such a Stuaion an information system can be effective because it can make decison
makers less susceptible to decison biases. Barr and Sharda (1997) adso study why decision support
systems are effective. They find that systems are epecidly effective because of what they call ardiance
effect. This means that decison quality incresses because of decreases in computetional errors. In this
paper our aim isto develop an understanding of how marketing management support systems work for
certain types of decison-makers in dataintendve environments. This meets the cdl of Eierman,

Niederman, and Adams (1995) for research to gain ingght into the contingencies or interaction effects
that affect DSS effectiveness. In our case this concerns the interaction between the functiondity of a
marketing management support systems, the decison maker's characterigtics, and the decision-

environment variable data availability. We will now proceed with describing the developments in the

avalability of marketing data and itsimpact on decison making.



Marketing Data

Nowadays, more detailled marketing data about more marketing variables are becoming available.
Severd reasons for this “data exploson” exigt. Firdly, in consumer markets the adoption of scanning
technology has been one of the mgor drivers behind this development. The ingtdlation of systems that
capture point-of-sale data (POS) has probably been greatest in the supermarket segment. The initia
impetus for retailers to ingtall sophisticated POS was to decrease the time that was required to record
the items purchased by customers and to improve the accuracy of checkout processes (Ing and Mitchell
1994). However, besdes usng these data for improving the efficiency of logistical processes, their
availability aso led to opportunities for a more systematic gpproach of marketing activities. Especidly
when this information is combined with the information slemming from frequent shopper programs. This
way, shopping behavior of individua customers can be monitored and linked to their background
characteristics (Sngle-source data). Nowadays, data on purchasing behavior have become available on
aweekly bass. This means that manufacturers can more accurately determine what the results of, for
example, promotional programs are and what the consequences of price changes are. Being able to
accurately determine the relationships between marketing-mix variables and outcome variables leads to
enhanced opportunities to develop more effective promotional programs and atractive product
propositions for specific market segments.

Not only in consumer markets but also in business-to-business markets, increasingly data are collected
in a systematic manner. Saespersons are equipped with Igptop or handheld computers and the adoption
of sdes information and support systems has led to a systematic collection and storage of information

about customer contacts and its results. By analyzing these reaults, it is possble to determine the



effectiveness of actions in the past. Furthermore, these data create posshilities for determining which
way of gpproaching (potentid) customersis most effective in which Stuetion.

The development of the Internet seems to lead to another “data revolution.” More and more on-line
vendors trace information-search and purchasing behavior of customers who visit their web-sites (eg.,
www.amazon.com and www.cdnow.com). Customers that vist web-dtes are identifiable and
background characterigtics from these persons can be linked to their actions. This enables one to
actudly determine what kind of information different types of people look for, in what order (eg., do
consumers process information by brand or by product?), and which products are serioudy considered
before a purchase is made. This type of detalled information on pre-purchase activities, that was not
avallable so far, can be effective in developing marketing programs.

Findly, organization-wide information sysems (eg., ERP systems) enhance inter-departmenta
information sharing. Hence, marketers get access to data from, for example, the finance or the
productions department. This further increases the availability of data for the support of marketing
decison-making.

Data from different sources (such as transactions data, data on marketing actions, externd data
purchased from direct marketing companies, and from retallers and consumer-pandls) can be put
together in so-caled data warehouses. The primary am of a data warehouse is to make data easily
available and accessible for decision support.

The increased numbers of sources of data that have become available to marketers for their decison
making has led to a Stuation in which, potentialy, better market indghts can be derived about the
relationships between relevant marketing variables. A marketer’'s market insght concerns the extent to

which the marketer knows what happens in the market, why it is hgppening, what would happen if he or



she would perform some kind of action and what he or she should do to reach certain goads. More
marketing data make the information on which decisons have to be based more vauable and can thus
incresse the insight of the marketer®. If, for example, a marketer receives data on sdes in addition to
data on advertisng expenditures, the quantity of marketing data increases. Having data on these two
variables makes it possble to develop ingghts into the relaionship between advertisng and sdes.
Smilarly, obtaining data on these two variables more frequently makes it possible to develop an even
more accurate idea of the relaionship between these variables and will thus further increase the (quaity
of) marketing indgghts. Therefore, we propose that:

P1: MoreMarketing Data leadsto greater Potential Market Insight

Advances in information technology have thus led to a more accurate collection of data on large
numbers of marketing variables and low aggregation levels. One would be inclined to unconditiondly
think “the more data and information, the better.” After dl, with al these data decison-makers should
be able to develop marketing programs that are precisely targeted a (potential) customers. However,
nowadays the abundance of data threatens to become a problem in itself, maybe even bigger than alack
of information. Reuters Business Information (Oppenheim 1997) introduced the term Information
Fatigue Syndrome (IFS) to refer to a Stuation in which decison processes of marketing decison-
makers are negetively affected by “information overload.” Information is collected on an ever-increasing
regular basis. For example, Nielsen data were reported on a bimonthly basis only five years ago. Now

they are available on a monthly or weekly basis and (soon) it will technically be possible to provide

2 usi ng the definitions of Lilien and Rangaswamy (1998) we make a distinction between on the one hand marketing
data and on the other hand information and insights. They define data as facts, beliefs, or observations used in



marketers with scanning information on a daily or hourly basis. As argued above, a lower aggregation
level of these data permits the development of more potentidly indgghtful information. However, it dso
leads to a dtuation where marketers have to process more and more information. According to an
investigation by Andersen Consulting (O' Connor and Galvin 1997) the number of data points increased
from 8 million in the 1960s to 300 million million in the 1990s. Ing and Mitchdl (1994) caculated the
number of POS data generated a the retaill level. A single store may generate around 50,000
transactions per day and the typical sze of aretall marketing database with weekly movements, SKU
by store, will be of the order of 12 to 16 gigabytes. Opposite to the opportunities offered by the
available data (as expressed in Propogition 1), it is felt that drawbacks aso exist, because it confronts
human decison-makers with increased complexity. Marketers will perceive their environment as being
more complex if they distinguish more reevant aternatives and etributes or variables (Payne et d.
1993) and more interdependencies between these variables (Lawrence 1981). Therefore, we propose;

P2: MoreMarketing Data leadsto greater Perceived Complexity

making decisions. Information refers to summarized or categorized data while insights provide meaning to the data (p.
4).



TheMarketer

Managerid judgment has dwayy's been seen as one of, if not the most important asset of marketers. The
ability to judge both forma and informa information, to analyze data and to be cregtive in transforming
information into effective marketing programs are characteristics of successful marketers. Excedlent
marketers have powerful mental moddls, representations of markets and marketing processes in their
minds. They use these mental models for the interpretation of and reasoning about events in the market.
In this paper we focus on two dements of manageria judgment: managerid expertise and andytica
capabilities.

Shanteau (1988) mentions severd advantageous characteristics of experts in generd that dso apply to
marketers as human decison-makers. Experts have extent and up-to-date content knowledge, have
highly developed perceptud abilities, know what is rdevant when making decisons, can smplify
problems, can communicate their expertise to others, handle adversity better than non-experts, and they
know how to adapt their decision strategies to changing task conditions. Furthermore, Shanteau (1992)
found that experts are not so much different from novices in the amounts of information they use but
differ in the type of information they use. They are better in including the most relevant information (on
diagnogtic and predictive cues) in ther decisons. These characterigics of experts favor the
transformation of datainto marketing ingghts. Therefore, we propose that:

P3: More Managerial Expertise strengthens the relationship between Marketing Data and

Potential Market Insights

The findings of Shanteau (1989, 1992) dso provide evidence that more expertise and experience will

reduce the impact of more marketing data on perceived complexity. Experts will be better in dealing
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with large amounts of data and will not perceive a datarintensive Stuation as equaly complex as non-
experts. Therefore, we propose:
P4: More Managerial Expertise weakens the relationship between Marketing Data and

Per ceived Complexity

However, the cognitive abilities of the marketer done may become inadequate, when confronted with
the gze of the data sreams of today. The information flood can create Stuations with so much
complexity for marketers that their decison qudity suffers because of both biased information

acquisition and of biased information processing.

Information Acquisition

Biased decison processes become prevaent when complexity leads marketers to focus on the
information that is most easily accessible or available (Glazer, Steckd, and Winer 1992) instead of the
information that is redlly needed to develop optima solutions. So marketers will, for example, tend to
focus on information about prices when thisis the information they are provided with, even if priceis not
an important factor for market success. Glazer, Steckel and Winer (1992) found this phenomenon to
lead to sub-optima decison-making by marketers. Complexity may aso lead to sdective perception
and the framing of decison problemsin away that is more dependent on a person’s background than
on the characteristics of the decison problem. Dearborn and Smon (1957), for example, found that the
functiond background of managers influences the way they perceive a problem. In their sudy one and
the same business problem was perceived as a marketing problem by marketing managers, as afinancid

problem by finance managers, and as alogistical problem by logistics managers. A smilar phenomenon
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was reported in the replication study of Beyer, Chattopadhyay, George, Glick, and Pugliese (1997).
According to Bruner (1957) subjects, when presented with a complex stimulus, perceive in this simulus
what they are “ready” to perceive. The more complex or ambiguous the stimulus, the more the
perception is determined by what is dready “in” the subject and less by what is in the gimulus. Van
Bruggen, Smidts, and Wierenga (1998b) found evidence for the same phenomenon for decision-makers
within the marketing field. In a smulated setting, experienced decison-makers tended to focus on
specific variables (eg., price, advertisng budgets, or saesforce) in processing information and when
meaking decisons. The choice of the variables they focused on depended more on the experience of the
marketers than on the characteristics of the Stuation in the smulaion. When confronted with large
amounts of “fresh” data, these experienced decison-makers did not seem to challenge and subsequently
revise their mentd models in away that led to an adaptation of these modds to the new Stuation. The
insufficient adaptation of menta models can be explained by findings of Klayman and Ha (1989) that
point out that the process of hypothesis testing underlies many cdlasses of human judgment. People form
hypotheses about how their world works and use evidence gathered from experience to test and revise
their hypotheses. However, results of experiments indicate the predominance of a positive test strategy
that often leads to hypotheses that are too narrow. In this strategy subjects look for possible errors by
testing indtances they bedieve should fit the rule, with relatively few tests they believe should nat.
Successful problem solvers, however, are much more likely to direct their tests toward distinguishing
explicit dternative hypotheses. It has been suggested that the key to successful hypothesistesting lies not
S0 much in confirmation versus dis-confirmation per se but in the effective use of dternative hypotheses.

Furthermore, hypotheses do not only need to be tested but aso revised.
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Findly, in processng information decison-makers operating in complex decison environments might
overestimate the value of concrete (qualitative) information (e.g., concrete experiences) a the cost of
base-rate information (Summaries, Satistical information) (Hogarth and Makridakis 1981). For example,
marketers might attach too much vaue to the pricing instrument when they remember a very successful
previous price action and neglect the results of a more generd andysis of the results of pricing actionsin

the past.

Information Processing

Complexity not only affects information acquisition processes, but dso information processng activities.
It makes it more difficult for marketers to congstently judge information (Dawes 1971) and to revise
opinions on the receipt of new information to the extent that Bayes theorem implies (Hogarth and
Makridakis 1981; Glazer, Steckd, and Winer 1992). Furthermore, marketers may become more
susceptible to heurigtics because these reduce menta efforts. Specific examples of heurigtics that are
used by marketers are the use of “rules of thumb” and the anchoring-and-adjustment heuristic. Smon
(1957) suggests that human beings develop decision procedures labeled with the term satisficing or rules
of thumb (Bazerman 1994). Examples of the use of rules of thumb by marketers are, for example,
Setting the advertisng budget a a fixed percentage of sales revenues or dways following price changes
of the market leader. Another heuridtic typicaly employed in making judgments under uncertainty, is
adjusment from an anchor (Tversky and Kahneman 1974). Decisons are made by anchoring on the
previous decison and are then adjusted with a certain percentage. In the case of marketing decision-
making with respect to advertisng decisons, one could think of the example of taking last year's

decision on the advertisng budget as an anchor and setting the new advertisng budget by adding a small
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percentage to this anchor. The adjustments to the anchor point often are non-optima since they are
biased toward their initid values (Sovic and Lichtenstein 1971), which may be insufficient for present
market conditions (Mowen and Gaeth 1992).

Heuristics can be an economica way of dlocating scarce cognitive resources. Payne, Bettman, and
Johnson (1993) even cdl their use an intdligent way of responding adaptively to different decison
Stuations. However, if gpplied ingppropriately, they will lead to biased decison processes and non-
optima performance. Hoch and Schkade (1996), for example, found that the intuitively appeding
anchoring and adjusment heurigtic may perform wdl in highly predictable environments, but that it
performs poorly in less predictable environments. Weber and Coskunoglu (1990) note that heuristic
processing styles can become so habitua or automeatic that they will be applied even in Stuations where
it would be preferable to use more formal or optima procedures and where the use of heurigtics could
lead to serious biases.

Summarizing, we have thus argued that complexity in the decison environment enhances the chances of
the appearance and the magnitude of biased information acquistion and processng Processes.
Therefore, we propose:

P5:  Higher Perceived Complexity leadsto more Biased Decision-M aking Processes.

Decisons are a function of decison makers cognitive makeup (Henderson and Nutt 1980). Witkin et
a. (1971, p. 3) define cognitive styles as “the characteridtic, self-consstent modes of functioning which
individuas show in their perceptud and intdlectud activities” Cognitive style forms a continuum with the
two oppogte types of decison-makers a the extremes. high-andyticd and low-andytica. High-

anaytical decison-makers tend to reduce problems to a core set of underlying causa relaionships. All
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effort is directed toward detecting those relationships and manipulating the decison variables in such a
manner that some “optima” equilibrium is reached with respect to the objectives. Low-andytica
decison-makers tend to look for workable solutions to total problem Stuations. They search for
andogies with familiar, solved problems (Huysmans 1970).

Since high-analytical decison makers are able to “see the wood for the trees’ (O’ Keefe 1989) and dso
prefer dealing with numbers (Viswanathan 1993), decison-making tasks in which decison makers have
to ded with a large pile of numericd marketing information favor high-andytica decison maekers
Research by Lusk and Kersnick (1979), Benbasat and Dexter (1982, 1985) and Cole and Gaeth
(1990) has shown that high-andyticas perform better because of the way they structure and solve
problems.

From the nature of the cognitive style condruct, we infer that low-andyticd decison-makers will be
more susceptible to the use of heurigtics than high-andyticals. Van Bruggen, Smidts, and Wierenga
(1998) indeed found low-andytica decison-makers to be more susceptible to gpplying the anchoring
and adjusment heurigtic. Low-andyticd decison makers are dso often referred to as “heurigtics’
(Henderson and Nutt 1980) and their reasoning behavior as “heuristic reasoning” (Huysmans 1970).
We expect that decison-makers with amore anaytical decison style will less easly lgpse into the use of
heuristics. Therefore, we propose:

P6: More Analytical Capabilities weakens the relationship between Perceived Complexity

and Decision Biases

Deve opments in information technology and the generation of more marketing data are thus expected to

affect the decison-making performance of marketers in two ways. On the one hand, more data it is
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expected to have a beneficid effect because it, potentidly, will lead to greater marketing insghts. On the
other hand, more information will make the decison environment more complex thereby stimulating
biased decison processes. This will negatively affect the qudity of decison making. Combining these
propositions leads to:

P7. Decison Performanceis positively affected by Potential Market Insight and negatively

by Decision Biases

Managerid judgment is expected to reinforce these effects, both by stimulating the conversion of data
into indgghts and by stimulating the incidence of decison biases Whether incressed amounts of
marketing data will have a positive or a negative net effect on managerid performance will depend on
the extent that the data lead to more ingghts, relative to the extent that they cause biased decison-
making processes. The use of marketing management support systems is proposed to moderate these

two types of effects.

Marketing Management Support Systems
Advances in information technology have a second type of impact on marketing management. They do
not only lead to the availability of large amounts of marketing data. Over the years sophisticated tools
have dso become available to support marketers. These tools result from developments in both
information technology and in marketing science. They support decision-makers by making them benefit
from the availability of data We labe these tools marketing management support systems (Wierenga
and Van Bruggen 1997). Marketing management support systems (MM SS) can be described in terms

of their components, as devices that combine (1) information technology, (2) andytica capabilities, (3)
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marketing data, and (4) marketing knowledge. These components are made available to one or more
marketing decison maker(s) with the objective to improve the qudity of marketing management
(Wierenga and van Bruggen 1997). The concept of marketing management support systems forms a
generic expression for avariety of systems that have gppeared over the last four decades (see Wierenga
and Van Bruggen (1997) for amore eaborate overview and description of these systems).

Marketing information systems (MKIS) started to gppear in the middle of the 1960s and facilitate the
Sorage and retrieva of quantitative data and its transformation into information by applying Statistica
anayses. Marketing decision support systems (MDSS) appeared in the late 1970s. Marketing decision
support systems aso recognize the value of managerid judgments by advocating an intengve interaction
between the manager and the MDSS in arriving at decisons. Next to a database these systems contain
marketing moddls (MM). Marketing models marked the start of the use of computers for marketing
decison making in the early 1960s. They provide a systematic and consistent mathemetica relaionship
between marketing varigbles and am a finding optima solutions to marketing problems. Wheress
systems developed before the mid-1980s focused on the manipulation of quantitative data, marketing
expert systems (MES) center on manipulating quditative marketing knowledge that has been captured
from human experts. Marketing Knowledge-Based Systems (MKBS), appearing for the first time
around 1990, obtain their (quditative) knowledge from a variety of sources (i.e., including experts) and
these systems support reasoning about problems by marketers. Finally, marketing neura nets (MNN),
systems that have become available only recently, are modeled according to the way humans process
information. These systems can be hepful in finding patterns in large databases when no theory about

relationshipsis available.
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The most important god of marketing management support systems is that they improve the quaity of
marketing management (decison-making). We distinguish three possible mechanisms for such effects.
Firs, MMSS can improve the transformation of marketing deta into potentid market insght.

P8: Marketing Management Support Systems strengthen the relationship between

Marketing Data and Potential Market I nsight

Second, MM SS can organize and process dataiin such away that they produce less complexity.
P9 Marketing Management Support Systems weaken the relationship between

Marketing Data and Perceived Complexity

Third, MM SS can reduce the biasing effect of complexity of the decision environment.

P10 Marketing Management Support Systems weaken the relationship between Per ceived

Complexity and Decision Biases

The extent to which MMSS have one of these three effects depends on the specific type of system. In

Figure 2 the extent to which specific types of marketing management support systems are proposed to

have the three effects is summarized. Each of these effectsis elaborated upon below.

-Tekein Figure 2-
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Reducing Complexity and Developing Insights

Blattberg, Glazer, and Little (1994) have introduced the concept of the information vaue chain. This
chain contains five successve dements. Each stage adds vaue to the data The five eements of the
chain are i) data collection and transmission, ii) data management, iii) data interpretation, iv) modeds
and v) decison support systems. Each of these five elements adds value to the collected data leading to
a higher information vaue (Simpson and Prusak 1995) and more potential market insght. After data
have become avallable and are organized in an MKIS, systems like an (diagnosing) MKBS and an
MES ae useful for data interpretation and thus the converson of marketing data into marketing
information. Conditions that cal for action will be identified, relationships between varigbles can be
investigated, and diagnoses will be carried out. Next, marketing decision support systems can be
developed to capture relationships between marketing variables. Models can process and summarize
meassive databases and can identify empirica regularities not observable to the human eye (Blattberg and
Hoch 1990; Hoch 1994). Marketing neura nets can aso be helpful for this purpose. Findly, the results
of data interpretation and modeling can be the input for marketing decison support systems and
(predictive) marketing knowledge based systems. Marketers can use these MDSS, MKBS, or MES in

their decison-making activities.

De-biasing Effects

Thethird type of effects of MMSS are their de-biasing effects. Severa studies have investigated these
effects. Hoch and Schkade (1996) found that in forecasting tasks, to arrive a a forecast, decision-
makers often search their experience for amilar Stuations and then make smal adjusments to this

previous Stuation. Ther research shows that this strategy performs reasonably well in highly predictable

19



environments but performs poorly in less predictable environments. Results from an experiment show

that providing decison-makers with a smple linear modd in combination with a computerized database

of historical cases improves performance sgnificantly.

In a laboratory experiment usng the MARKSTRAT smulation, van Bruggen, Smidts and Wierenga

(1998g) found that in a complex decison environment the use of a marketing decison support system

makes decigon-makers less susceptible to applying the anchoring and adjustment heuritic for making

marketing-mix decisons.

More generdly Blattberg and Hoch (1990) and Hoch (1994) mention that, compared to experts,

models are strong because:

- experts are subject to decision biases of perception and evauation where models are not;

- experts often suffer from overconfidence and may be influenced by politics where models teke base
rates into account and are immune to socid pressures for consensus,

- experts can get tired, bored, and emotiona while models do not;

- experts do not consstently integrate evidence from one occasion to another while models weight
this evidence optimally.

The gtrengths of models extend to the use of systems like MDSS, MES, and MKBS as well. All of

these systems are computer-based and will derive information from data and develop suggestions for

decisions based on a systematical andyss of these data. Such a systematical analysis will thus not be

affected by decison biases, overconfidence, fatigue or inconsstencies. Therefore, dl these systems will

have a de-biasing effect.
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The Effects of Managerial Judgment and Marketing Management Support Systems
Summarizing, we didinguish three ways in which managerid judgment (expertise and andyticd
capabilities) and marketing management support systems moderate the effects of marketing data on
decison peformance. Firs, they will affect the transformation of marketing data into potentia market
indght. Second, they will affect the extent to which more data increases the leve of perceved
complexity. Third, managerid judgment (i.e., andytical capabilities) and marketing management support

systems will affect the extent to which perceived complexity leads to biased decison processes.

The Powerful Triangle

The data that are collected nowadays offer enormous opportunities for a systematica andyss and
preparation of marketing policies. Prior to the availability of dl of these data, marketing was usudly
consdered to be an art where especialy the credtivity of the marketer was an important asset (Ing and
Mitchell 1994). Although credtivity is il a key-asset of marketers, decison-makers now can and
should aso benefit from the availability of more and better data by incorporating the these detaiinto their
decision processes (Blattberg and Hoch 1990). However, in processing information, decison-makers
show severd cognitive limitations. Increasing amounts of deta thus have both benefits and codis.

The series of propositions developed in this paper make it possble to sysematicaly analyze the effects
of increasing amount of data that have become available to marketers on decison performance. We can
determine under which conditions (i.e.,, characteristics of decison-makers and characterigtics of the

MMSS) it is advisable to provide marketers with more data.and under which conditionsit is not.
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Think, for example, of the situation of a marketer in a FMCG company who has to decide whether he
should buy more data or not (for example, buy weekly instead of monthly Nielsen data). If such a
marketer will be provided with more data this does not automatically lead to better decisions. It can be
argued that if the marketer has little expertise and hardly any andyticd skills, he will have difficulties in
gaining any additionad market ingghts from these data. Moreover, the data exploson might stimulate him
to lapse into the ingppropriate use of heurigtics because the large amounts of data will make that he
perceives the environment he is operating in as complex. This may then lead to a Stuation in which more
marketing data will actudly have a negative impact on decison performance. Providing such a decison-
maker with an MMSS (e.g., an MKIS) that supports him with creating insght in the market will improve
the overal decison performance. This is because the marketer will obtain more market ingghts, which
will pogtively affect decison performance.

Another example concerns a marketer with alot of expertise and well-developed anaytical kills. Such
amarketer, initidly, will not suffer from more data. In first instance more data will improve his decison
performance because he will be able to trandate these data into market insights. However, a point exists
where the decison biases caused by additional data outweigh the market insights that result from these
data Beyond this point additiona data will have a negative impact. Providing such a marketer with an
MMSS that helps generating ingghts from the data (e.g., an MKIS) will be effective. It can lead to a
Stuation that the marketer can benefit more from additional data and does not suffer as quickly from the
data exploson. Furthermore, the negative impact of the data exploson beyond the “optima data
quantity” point will not be as strong as it will be in an unaided Stuation or in a Stuation without an

MMSS that stimulates the transformation of insghts from data.
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A marketer with expertise, analytica cgpabilities and with an MMSS that helps generating insights will
be able to benefit from additional data. However, for such a marketer at a certain point more data will
cause decision biases that will negatively affect decison performance. In such a Stuation a system that
helps de-biasing decision processes will be very helpful. Debiasing the decision processes will decrease
the costs of more marketing data. A debiasing system can thus lead to a Stuation in which marketers will
be able to benefit from large quantities of data because the benefits of more data (market ingght) will
outweigh their costs (decison biases). This leads to a postive relationship between marketing data and

decision performance.

Discussion

In this paper we have analyzed the impact of the availability of increasng amounts of data (both more
detailed data and data on more variables) on decison making performance. We conclude that more
data will not unconditionally lead to better decisons. Our andyss shows that the data explosion is
especidly beneficid for marketers who are able to derive insights from these data and who are not
vulnerable to decison biases. However, marketers without these capacities can adso benefit from more
data if they are equipped with the right tools. Marketing management support systems can be effective
both by reinforcing strengths of marketers (e.g., crestivity, domain knowledge, flexibility and so on) and
by compensating for their wesknesses (e.g., cognitive limitations). Therefore, we propose that by using
the right type(s) of marketing management support system(s) marketers can benefit from the increasing
amounts of data.

By means of the series of propositions developed in this paper one may andyze the effects of providing

marketers with specific types of MMSS. This way our reasoning can be used to determine which type
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of MMSS would be mogt effective in a specific decison Stuation. Such a decison Stuation can be
characterized by the data availahility, the decison makers expertise/ experience and his/ her andytica
capabilities. The last congtruct can, for example, be measured by means of the Embedded Figures Test
(Witkin et d. 1971). One could imagine Stuations in which providing the decison-maker with more
marketing data might have negative effects, because the negative effects of complexity outweigh the
positive effects of increased marketing ingghts. This could be the case if, for example, the marketer is
not good in generating marketing ingghts from marketing data and does suffer from the complexity
caused by the data. In such a Situation the usefulness of specific types of MMSS (eg., MKIS, MDSS
or MES) can be determined: that is, should such a system especidly focus on reducing complexity and/
or de-biasing decison processes or should it especialy help to generate insghts?

The propostions are relatively smple and dternative formulations are well imaginable. However, we
think that they offer a conceptudly plausible synthesis of research findings and a starting point for further
research. The proposed relationships can of course be criticized. It would be interesting to study how
the relationship between the quantity of marketing data and the marketing ingghts generated from these
data looks like and to what extent the form of this relationship would be different for different types of
MMSS. Similarly, the relationships between quantity of marketing data and perceived complexity and
perceived complexity and the appearance of decison biases would be an interesting subject for
research. Thistype of research could be carried out using an experimental approach.

Furthermore, the propogtions in its current form contain only a limited number of varidbles. In firgt
instance, the relevant dimensions of the variables should be determined. Indicators of, for example, the
marketer’ s capacity to derive indghts from data, to organize data and their vulnerability to biases should

be developed and incorporated. The same should be done for varigbles that more specificaly
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characterize marketing management support systems. Extending the propostions with variables that
characterize the environment the marketer is operating in will o be useful.

Currently we propose only main effects of the important congtructs. Adding higher-order interaction
effects (Eierman, Niederman, and Adams 1995) between, for example, the managerid judgment and
the MM SS condgiruct might be a useful extension. It isimaginable that a specific type of MMSS will be
more effective in the hands of a marketer with certain characterigtics (eg., andytica skills) than in the
hands of another marketer who does not possess these skills.

In our andyss we have assumed a rather atic Stuation in which a marketer has to decide whether it is
advisable or not collect more data However, the process that we described will be dynamic in the
sense that, for example, marketers expertise will develop itsdf by andlyzing data, making decisons and
receiving feedback. Thisimplies that the relationships between the constructs will change over time and
that the effect of additiond marketing data will dso change. Although the parameter vaues might
change, the basic structure of our modd itself will not change over time.

Findly, dements of managerid judgment like expetise may not only directly affect managerid
performance, but may adso simulate the devdopment and further improvement of marketing
management support systems. We think that marketing management support systems should not replace
managerid judgment but that these systems do benefit from, for example, a marketer's expertise by
incorporating (parts of) it. Marketing expert systems and marketing knowledge-based systems are

based on this idea, which further enhances the effectiveness of MMSS.
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Figure 2: The Effects of Marketing Management Support Systems
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