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Introduction

IT value has been measured at various levels of analysis, including the economy, firm,
business process and individual levels (Brynjolfsson and Y ang 1996). However, understanding
where potential value lies — and how best to measure the firm’s realized value — remain
important concerns. This research examines predictors of value gaps for I'T investments that
reflect lossesin redlized value relative to potential value. Itstheoretical perspective treats a
range of IT investments that involve human users who leverage systems to improve business
process outcomes.

We draw on information economics (Demski, 1980), judgment analysis (Cooksey 1996)
and the IT value literature. Limitsto value of a decision system may be imposed by variationsin
bounded rationality (Simon 1960). They arise in business processes from individual human
factors. Atthislevel, potential for value creation exists, but value realized by the firm may be
inefficient. We model revenue management decision making, using simulations that enable
measurement of actual versus predicted revenue in reservation making. Revenue management is
atactical choice: value is measurable and experimental manipulation isfeasible. Consequently,
we can assess how DSS information value is degraded.

Understanding Value
Three perspectives for understanding I T value bear on our investigation.

The Economic Perspective on Information Value provides a normative account of DSS
value. Economics defines a decision problem in terms of selecting an appropriate action. The
goal: to maximize expected value given a set of possible states in the presence of a probability
function specifying their likelihood, and a value function specifying values associated with
action/state combinations. Decisionmakers (DM s) are value-maximizers who make choicesin a
stochastic environment. Information offers insights on the probability distribution of states that
may ensue, enabling the DM to improve upon unaided decisions. The information can be
perfect, defining the ensuing state, or imperfect, yielding probabilistic estimates of the state.
Information has value when it changes the value-maximizing action that arational DM selects,



improving performance. Thisyields a change in expected value of the DM’ s value function.

DMs are boundedly rational: they conduct less-than-exhaustive information searches,
and have incomplete knowledge of stochastic environments. DSSs can reduce impacts of the
DM’ s bounded rationality on decision performance. However, bounded rationality limitsaDM’s
ability to understand embedded DSS knowledge and eval uate outcomes from using it. Thus,
where aDSS aids, but does not “decide,” the DM’ s bounded rationality may have unintended
consequences:. potential value may go unrealized.

The Judgment Analysis Perspective on I nformation Use offers a descriptive account.
Realizing potential DSS value requires users to appropriately weight DSS outputsin
decisionmaking. Researchers have studied human judgment and information use in probabilistic
environments (Cooksey, 1996). Severa findings have been established:

simple model s capturing relevant information often outperform human judgment
(Camerer and Johnson 1991);

simple outcome feedback is not very useful in improving performance (Remus et al.
1996);

people do not deal well with stochasticity, and misperceive random patterns as having
structure (Gilovich et al. 1985).

Thus, DMswill have difficulty learning how useful DSS information is, particularly in stochastic
environments. So potential DSS value may go unrealized.

The Business Process Perspective on | T Value is useful for working out the mechanics
of IT value measurement. The locus of value (Kauffman and Weill 1989) of DSSs — where
potential valueisrealized —is usually in abusiness process. Here, organizational production
occurs, and system characteristics make or lose money (e.g., suggesting how hotel rooms may be
packaged, priced and sold in the market). System and process design choices can overcome limits
to value imposed by the DM’ s bounded rationality (Davamanirajan et a. 1997).

Theory

Value Measurement Theory. Measuring DSS value, even ex post, is complicated: it is
hard to determine the value of actionsthat are not taken. However, in revenue management this
complication almost disappears. Revenue management involves forecasting micro-market
demand and optimizing pricing and product availability to maximize revenue (Cross 1997). Its
basic tenets are market segmentation, multiple rate pricing and using price to handle demand
fluctuations. Because ex post it is possible to estimate what demand was, we can determine the
revenue that would have been produced by pricing schemes not chosen. The hotel industry
commonly measures a revenue manager’ s performance this way.

Perfect performance, R,, is the revenue obtained with optimal pricing, given materialized



demand — perfect information revenue. Baseline performance, Ry, is the revenue when no
revenue management practices are used (first-come first-served reservation making). E[R, - Ry
isthe value of perfect information. To understand the value loss due to human cognitive limits,
we model steps on a continuum between perfect information and no information conditions (our
baseline), for perfect and imperfect users of information. (Table 1)

**** TABLE 1 GOES ABOUT HERE ****

Theideaof a“perfect” user isimportant. A perfect user’srationality is unbounded; she
does not exhibit typical flaws that the judgment analysis literature predicts will be present. More
reaistically, revenue managers are “imperfect” users. They may misinterpret the capabilities of
arevenue management model and mistakenly override DSS recommendations.

In contrast to the expected value in Case 1 (Perfect Information/Perfect User), E(V,) =
E[R; - Ry], Case 2 relaxes the requirement of perfect information (Imperfect, Best Ex Ante
Information) but assumes a perfect user. The expected vaueis E(Viy) = E[Ryp, - Rg] = E[f(Rp,
Ro)] = E[f(9(R,,N),Ro)], and E(V,) > E(Vip). In this expression and those that follow, f[-] and
g[ -] are continuous and differentiable functions, and N measures noise in the environment.

The impact of user imperfections in decision making occur in Case 3 (Imperfect, Best Ex
Ante Information/Imperfect User). Expected valueis given by E(Viy') = E[f(g(R,, N, h(N,
1)),Ro)]. | measures user imperfection in decision making, and E(V,) > E(Vip) > E(Viy'). Inthis
expression, h[ -] indicates the extent to which atypically imperfect DM — varying in her biases —
is affected by noise. We expect cumulative losses to potential value.

When Imperfect, Less Than Best Ex Ante Information isinvolved (Cases 4 and 5), a
perfect DM’ s expected val ue outcomes are likely to dominate those of a boundedly rational DM:
E(Vi) > E (Vi'), with E(Vi) = E[R; - R)] = E[f(Ry, Ry)] = E[f(9(R,N),Ro)], and E(V;) =
E[f(9(Ro,N, h(N,1)),Ry)]. With imperfect users, however, the expected value of Imperfect, Best
Ex Ante Information diminishes. It should dominate that of Imperfect, Less Than Best Ex Ante
information, E(Viy') > E(Viy'). For such dominance to occur, h[-] must be sufficiently
independent of the quality of the information provided to the user. However, research shows
people tend to evaluate information inconsistently. They prefer deterministic over probabilistic
information about the future, and overreact to extreme information (Y ates et a. 1996). Whether
such biases in information evaluation are perverse enough to break the dominance of Best Ex
Ante information is an empirical question we are addressing.

Hypotheses. These observations lead us to specify three hypotheses:

H1:  Asnoiseincreases, Imperfect Best Ex Ante information becomes less valuable relative to
Perfect Information for a perfect user.



H2:  Asnoiseincreases, user imperfections lead to greater value losses for agiven level of
information quality.

H3:  For imperfect users, value outcomes with Imperfect Best Ex Ante information will
dominate those with Imperfect Less Than Best Ex Ante information.

Experimental Design

Simulator. A hotel revenue management simulation game was developed and used to
test the hypotheses. The simulator provided current and historical information (e.g., reservations
on book, cancellations, etc.). A DSS provided recommendations on expected demand, and
appropriate pricing and overbooking. Subjects were instructed to maximize revenue, and could
choose how much they followed DSS recommendations. To evaluate the DSS, subjects were
given outcome feedback for their own performance (“U” in Sample Screenshot, Figure 1) and the
system (“S’).

*** FIGURE 1 GOES ABOUT HERE ****

Subjects/Method. 104 graduate and executive education students were given 30-minute
overviews of revenue management principles and simulator operation. They made 60 demand
forecasts, and pricing and overbooking decisions over a series of reservation nights. 15 initial
training decisions were followed by are-initialized game with 45 experimental decisions.

Design. A 2x2 factorial design was employed. Half the subjects received Best Ex Ante
demand forecast information viathe DSS; the other half received Less Than Best Ex Ante
information. Noise was set high (to 25%) for half and low (to 10%) for therest. The computer
tracked actual demand, and subjects’ and DSS forecasts. We computed revenue achieved in the
six cases by applying a perfect ex-post pricing algorithm to the appropriate demand number.
(Table2.) Thisyielded raw datafor hypothesis testing.

Ongoing Work

Preliminary results suggest potential value losses occur with user imperfections. DMs
given Best Ex Ante information often chose not to use the DSS — they overrode its
recommendations. This behavior remained robust even after DMs had opportunitiesto learn
about DSS forecast value. Override behavior appears to asymptote to non-zero valuesin
frequency and amount. (Figure 2 and Table 3).

*** FIGURE 2 AND TABLE 3 GO ABOUT HERE ***

Our current efforts involve modeling the value losses associated with the DMs' override
behavior. We are also exploring interventions to minimize impacts of user imperfections on
override behavior and reduce consegquent value losses that we observe in real world revenue
management.
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Tablel. Valueand Revenue Outcomesfor Six Information / User Conditions

Case | Information User Value of Revenue
Conditions Information

1 Perfect Information Perfect Vo R,

2 Imperfect, Best Ex Ante Perfect Vi R

3 Imperfect, Best Ex Ante Imperfect | Viy Ry

4 Imperfect, Less Than Perfect Vi Ry
Best

5 Imperfect, Less Than Imperfect | Vi’ Ry
Best

6 No Information NoUser | O Ro

Note: The subscriptsp, i, b and | on the Value and Revenue variables are intended to indicate
perfect, imperfect, best ex ante and less than best information, respectively. The prime
mark (*) indicates an imperfect user.

Imperfect, Best Ex Ante Information isthe best historically-based information. The
difference between I mperfect, Best Ex Ante | nformation and Perfect Information is
limited by how representative history is of the future (i.e., how much signal versus noise
existsin historical data). In anoiseless environment |mperfect, Best Ex Ante I nformation

is perfect.

Table2. Demand Figure Used for Revenue Calculationsfor Each Case

Case Information User Demand Used for Revenue Calculation

1 Perfect Information Perfect Actual Demand

2 Imperfect, Best Ex Ante Perfect DSS Forecast

3 Imperfect, Best Ex Ante Imperfect | Subject Forecast

4 Imperfect, Less Than Best Perfect DSS Forecast

5 Imperfect, Less Than Best | Imperfect | Subject Forecast

6 No Information No User No Forecast (first-come first-served
pricing)

Note: The practice of revenue yield management involves several steps. A demand forecast is made.
Then pricing decisions are made based on the demand forecast. The revenue numbers for our
analysis are calculated on the basis of Actual Demand, DSS Forecast and Subject Forecast,
depending on the case, assuming a value-maximizing set of choices for room prices.




Figure 1. The Revenue M anagement Game Scr eenshot

Fictional Hotel - Revenue Management System
Current Week, 3 Days Qut. 4

PERFORMANCE DECISION VARIABLES
Current|Last Week @ days out Forecast: System  You Yau
4 7 4 1 | Final Pricing: System System  You
Reservations 520 31 631 86) 102l Demand Forecast 89 103 103
221 31 58| 84| 1005 Priving Allocation:
Denials 0 0 0 3 GlUL § 89 /Night 32 33 3
I I 5 5 315§ 69 /Night 44 45 39
Unconstrained 52 31 g3l sal 108 $ 39 /MNight 24 25 30
Demand
Cancellations 7 3 6] 11 18|U Total Alocation 100 103 108
7 3 Bl 11 175 Physical Capacity 100 100 100
Wyalks 2(L Overbooking: 0 3 6
015 Implied Avg. Rate § 6820 8813 6749
Revenue 3485(2008)4 267|589 6861 |U
$ 3488(2,099)4 07215 816|6,930|5] |CUMULATIVE REVENUE § 19,538
Average Rate | 67.08|67.71|67 73|68 53|67.26)L) | Average RevPAR $ 6513
) 67 08|67 71)7021)69.24|69.80|5 Blue figures are under your control.
FevPAR 34.88|20.99|4267)58 94|68 61U Green figures represent your actual performance
§ 34882099140 72|56 16|69 80|5[ Purple figures represent system performance




Figure 2. Total Number of Overrides by Reservation Night (for Subjectswith Imperfect,
Best Ex Ante I nfor mation)
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Reservation Night

Note: Subjects made demand forecasts at 3 different points in time leading up to a given reservation
night. Thus the theoretical maximum number of overrides for agiven night is 156 (52 subjectsx 3
forecasts).

Table 3. —t -Tests of Override Behavior During the Final Three Nights

Standard
Variable Mean Deviation t P
Number of Overrides 2.96 3.205 6.66 0.0000
Mean Absolute Override 9.02 15.64 4.16 0.0001

Note: Results are for 52 subjects provided with Imperfect, Best Ex Ante Information. Subjects made
demand forecasts at 3 points in time periods leading up to a given reservation night. The
theoretical maximum Number of Overridesis 9 (3 forecasts x 3 nights). The capacity of the hotel
was 100 rooms, so a Mean Absolute Override of 9.02 translates to adjusting the DSS forecast by
9% of the hotel capacity.



