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includes the effect of anticipated cannibalization of full-price covers and seeks to optimize table use. The tool
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EXECUTIVE SUMMARY

Instructions for the Early Bird & Night 
Owl Evaluation Tool (EBNOET) v2015

CENTER FOR HOSPITALITY RESEARCH

by Gary M. Thompson

The early bird and night owl restaurant tool found in the accompanying Excel file provides an 

estimate of  the effects of  offering off-peak special menu prices. Unlike the classic back-of-envelope 

calculation, the tool includes the effect of  anticipated cannibalization of  full-price covers and 

seeks to optimize table use. The tool also considers the revenue from new customers attracted by 

the early bird or night owl promotions, as well as the level of  increased business needed to achieve the net 

monetary value target for the promotion.
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CORNELL HOSPITALITY TOOL

by Gary M. Thompson

The purpose of  this Excel-based tool is to help restaurateurs accurately evaluate the net monetary 

benefit of  implementing Early Bird or Night Owl specials in their restaurants, before they actually 

implement either special. These instructions apply to the accompanying Excel file. 
 

Several years ago, Michael Lefever gave an interesting narrative about his restaurant’s experience with early 

bird specials:
We tried advertising our early bird specials, half-price dinner entrées between 4:00 and 6:00 p.m. on weekdays, in the local 
newspaper. We would get dozens of  phone calls from people asking if  they could have the reduced price if  they were “only 
an hour or so late.” On Friday and Saturday nights we always would get a few customers who had “driven for hours just 
for the early bird special.” The thing I remember most about our early bird ads is the account executive. For several weeks 
after we stopped advertising, she would ask if  we would like to start again. We would say “No,” and she would give us a 
cold, penetrating stare that stated clearly meant, “You’ll be sorry.” Unfortunately, we already were.1

Because of  possible challenges in implementing Early Bird (or Night Owl) specials, as alluded to by Lefever, it is of  paramount 
importance to accurately estimate their value before they are implemented. Cannibalization, less so demand, but particularly capac-
ity, poses challenges in estimating the value of  the specials simply and accurately. For example, customers arriving early during a 
meal period to take advantage of  an early bird special may reduce the capacity available to serve full-fare customers who arrive later 
in the meal period. 

A recent study showed that simple, back-of-the-envelope calculations are not accurate in predicting the monetary benefit of  
such specials, and that simulating restaurant operations proves much more effective. 2 The accompanying tool, which I am calling 
EBNOET, includes a simple back-of-the-envelope approach to estimating the value of  the specials. More important, EBNOET can 
stimulate the restaurant to obtain a more accurate estimate, offering restaurateurs a means of  avoiding the inherent inaccuracy of  
the back-of-the-envelope calculations, and leading to better decisions regarding whether to implement these specials. EBNOET can 
use an existing mix of  tables in the restaurant, or it can search for the most effective mix of  tables and base the estimate on the opti-
mized mix. Finally, EBNOET can be used from two demand-based perspectives. The first, which I call the Demand Estimate Mode, 
uses one’s estimates of  the new demand that the special will generate, and then explores the net values that would be achieved under 

1 Michael Lefever, “Restaurant Advertising: Coupons, Clowns, and Cadillacs,” Cornell Hotel and Restaurant Administration Quarterly, Vol. 29, No. 4 (February 
1989), p. 101. Excerpted from: Michael Lefever: Restaurant Reality: A Manager’s Guide (New York: Wiley and Sons, 1988).

2 G.M. Thompson, “Deciding whether to offer ‘early-bird’ or ‘night-owl’ specials in restaurants: A cross-functional view.” Journal of  Service Research, Vol. 18, 
No. 4 (2015), pp. 498-512.

Instructions for the Early Bird & Night Owl 
Evaluation Tool (EBNOET) v2015
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that estimate and progressively higher levels of  demand. The 
second perspective, which I call the Target Value Mode, identi-
fies the new demand level for the special that would be necessary 
to meet a target net monetary value.

EBNOET assumes that the value of  a customer’s choos-
ing the special can be represented as a discount from a full-fare 
customer. This might mean, for example, that a discount is 
offered directly (e.g., “come in before 6:00 and get 20% off”), or 
that some special menu items or pricing is offered (e.g., “three 
courses for $40”). Later we see an example of  how this might be 
calculated. EBNOET could be used to simultaneously evaluate 
Early Bird and Night Owl specials, if  the discount is the same 
for both specials. The more common case is that a restaurateur 
would be considering only one type of  special. 

Below I describe EBNOET’s data requirements, how it 
calculates a simple back-of-the-envelope estimate of  the value of  
a special, and the results obtained when running the evaluation 
simulation. I explain two early bird examples and one night-owl 
example of  how the tool can aid in the evaluation of  a special 
and show how the tool can be used to evaluate another type of  
special. Finally, an appendix describes EBNOET’s assumptions.

Instructions. All of  
the exhibits shown below are 
screen captures from EB-
NOET. The tool uses color 
coding to indicate the type of  
item in the spreadsheet cells, 
as shown in Exhibit 1. 

Data inputs. Data in-
puts are illustrated in Exhibits 
2 through 6 and 9. They are 
grouped based on being re-
lated to customer parties, res-
taurant tables, party arrivals, 
customers’ table selections, 
and the restaurant simulation. 
Exhibit 2 shows the customer 
party–related data inputs 
on the Data Inputs, Part 
1 worksheet. For each size 
party, you must specify: the 
probability of  that size party 
(column B); the average total 
revenue, or preferably aver-
age contribution (column D); 
and the mean dining dura-
tion in minutes, which should 
include the time necessary 
to seat the party and buss 
the table (column E). All of  
these data items are typically 
available in the POS data. If  
you wish to use EBNOET’s 

simulation capabilities, you must also specify, by party size: the 
standard deviation of  dining duration (column F) for standard 
customers; the mean dining duration and standard deviation 
of  the dining duration for the customers selecting the special 
(columns G and H); and the maximum tolerable wait (column I). 
Since the maximum tolerable wait is not available in POS data, 
you would need to collect that information via observations of  
customers’ behavior. EBNOET assumes that arriving parties 
will wait up to their tolerance point and then depart if  they have 
not been seated. The data on dining times for customers select-
ing the special generally would not be available, so it would have 
to be estimated. As a starting point, you could assume it would 
be the same as for regular customers. We return to this at the 
end of  the instructions.

Exhibit 1

A legend shows the cell color-coding applied 
in EBNOET

Exhibit 2

Data inputs related to customer parties
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wish to simulate restaurant performance with the restaurant’s 
existing table mix, you must specify the number of  each size 
table (column N). To estimate the value of  the special, you must 
specify the net discount percentage offered to patrons selecting 
the Early Bird or Night Owl special (cell N28). Finally, if  you 
are using the Target Value Mode, you must specify, in cell N29, 
the Target Net Value of  the special that you wish to achieve.

Data inputs related to party arrival rates are illustrated in 
Exhibit 4 from the Data Inputs, Part 1 worksheet. EBNOET 

Exhibit 3

Data input related to tables

Exhibit 4

Data inputs on the estimated arrival rate of parties 
under the status quo and under the special

Note that EBNOET uses the party probabilities to cal-
culate cumulative probabilities, which must sum to 1.0. (The 
cumulative probabilities allow one to see that they do.) The 
Cht—Party Size worksheet displays the provided probabilities 
across party sizes. 

Exhibit 3 shows the data inputs related to the restaurant’s 
tables from the Data Inputs, Part 1 worksheet. For each table 
size from 1 to 20 seats, you must specify whether it is a valid 
table size (column M) and, for the valid table sizes, the space 
required including access (column L). In the example shown, ta-
bles with 2, 4, 6, 8 and 10 seats are all valid. To use EBNOET’s 
simulation capabilities, you must specify the total space available 
in the restaurant for seating including access (cell N26). If  you 
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Exhibit 6
Using the Discount Calculation worksheet to cal-
culate the Net Discount Percentage

ized by the special in each of  
the first three periods, while 
it is expected that the special 
would bring in two new par-
ties in each of  the first three 
periods.

To use the Target Value 
Mode, you must provide the 
information in columns T and 
U. In column T, you provide 
an estimate of  the number of  
existing parties who would 
switch to the special. In 
column U, you provide an 
estimate of  the proportion of  
total new parties that would 
want the special in each 
period. As with the estimates 
required for the Demand Es-
timate Mode, these estimates 

would not be available in a POS, but could be estimated 
based on customer surveys and benchmarking with other 
restaurants offering specials. For the example illustrated, I 
again estimate that 0.25 of  parties would be cannibalized 
by the special in each of  the first three periods and, of  the 
total new parties wanting the special, 25 percent would 
appear in the first period (0.25), 35 percent in the second 
period (0.35), and 40 percent in period three (0.40). 

In the event that your restaurant does not use a host 
or hostess to manage seating, you must provide information 
on customers’ table choices to use EBNOET’s simulation 
capability, as illustrated in Exhibit 5 from the Data Inputs, 
Part 2 worksheet. These data typically would not be avail-
able in the POS data, so they would have to be collected via 
observation. The example shows that parties of  one have 
a 76-percent chance of  selecting a deuce, 15 percent for a 

four-top, 5 percent for a six-top, 3 percent for an eight-seat table, 
and 1 percent for selecting a table with ten seats, if  all those 
table sizes were available.

The Discount Calculation worksheet, illustrated in Ex-
hibit 6, is included to assist you in calculating the Net Discount 
Percentage. To use the calculator, you provide revenue and 
cost information for a typical party. In the example shown, the 
food portion of  the order is discounted by 25 percent, yielding 
a discounted contribution of  $37.50 compared to the original 
contribution of  $50.00, for a Net Percentage Discount of  25 
percent.

A simple approach to estimate the value of  the special con-
siders demand cannibalization, but ignores capacity cannibaliza-
tion. It calculates the monetary value arising from all customers 
selecting the special and subtracts any loss from full-fare custom-
ers who converted to the special, thus:

Exhibit 5

Data inputs required when customers select their own tables

requires estimated party arrival rates, by 15-minute period, for 
up to 7 hours (i.e., 28 periods). You must provide this informa-
tion in column Q for the status quo—when no special is being 
offered—and information on what you expect to happen when 
the special is in effect, in columns R through U. Status quo 
arrival rates, which could be based on forecasts from historical 
POS data, are then displayed in the Cht—Arrivals worksheet. 

If  you are using the Demand Estimate Mode, you need to 
provide the information in columns R and S. In column R, you 
provide an estimate of  the number of  existing parties that would 
switch to the special. In column S, you provide an estimate of  
the number of  new parties that would come to the restaurant 
for the special. Clearly these estimates would not be available in 
a POS, but could be estimated based on customer surveys and 
benchmarking with other restaurants offering specials. For the 
example illustrated, one in four parties (0.25) would be cannibal-



Cornell Hospitality Tool • August 2016 • www.chr.cornell.edu • Vol. 16, No. 20 7

Net Value of the Special = Mean Party Value * (Total New Parties Expected on Discount * 
(100-Net Discount Percentage)/100 – Total Full-Fare Parties Switching to the Discount * 
Discount Percentage / 100).

Exhibit 7

The back-of-the-envelope 
estimate of the value of the 
special

Exhibit 8

Evaluation options

Exhibit 9

Data inputs for the restaurant simulation

Demand Estimate Mode Target Value Mode

This value is reported in 
cell AA25 of  the Data 
Inputs, Part 1 worksheet 
as shown in Exhibit 7. 

The calculation uses the average party value, which is based on 
which parties can be served given the table sizes allowed in the 
restaurant.

To use EBNOET’s restaurant simulation capabilities, click 
either of  the buttons at the bottom of  the Data Inputs, Part 
1 worksheet and illustrated in Exhibit 8. Use the left button for 
the Demand Estimate Mode and the right button for the Target 
Value Mode. When you do this, it will bring up one of  the forms 
shown in Exhibit 9. Net Discount Percentage has been mentioned 
earlier and can be entered on the Data Inputs, Part 1 work-
sheet or via a version of  this form. On the form you will see 
when running the Target Value Mode, you can set the Target Net 
Value of  the Special, which, as noted earlier, could also be specified 

on Data Inputs, Part 1 worksheet. The Number of  Days to 
Simulate parameter controls the number of  distinct days that 
will be simulated. In general, using more days is preferable 
since the results will be less variable, and more days are better 
with lower customer volumes. While using 100 or more days 
is a good rule of  thumb, it is best to run the simulation several 
times to see whether the estimated values of  the special are 
consistent. If  they are not consistent, increase the number of  
days being simulated. 

EBNOET has two options with respect to table mix: 
using the mix in the restaurant itself, which is specified via 
the Data Inputs, Part 1 worksheet (column N), or search-
ing for the best table mix. The Maximum Number of  Waiting 
Parties parameter allows you to limit the number of  parties, for 
example, based on waiting space. Any party that arrives when 
the number of  waiting parties is at its maximum is lost. There 
are three table-selection options: host-based, longest wait; host-
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the probabilities specified on the Data Inputs, Part 2 worksheet to mimic how custom-
ers select their own table. Once the inputs have been specified, click the “Start Evaluation” 
button. When the simulation is running, if  you have selected the “Optimize the Table Mix” 
option, EBNOET searches 200 table mixes, looking for the best. A study I conducted with 
Sheryl Kimes found that a search process using 100 table mixes found solutions within 
0.02 percent of  the best possible.3 The Excel status bar shows the current table mix being 
evaluated, as shown in Exhibit 10. After the table mix has been identified (either using the 
search or the mix you specified), EBNOET steps through 21 progressively higher demand 
levels. While this is happening you will see the status bar as illustrated in Exhibit 11.

After running the restaurant simulation, the optimized table mix (if  you selected 
that option) can be found on the Recommended Table Mix worksheet, illustrated in 
Exhibit 12, and the results can be found on the Results worksheet, illustrated in Exhibit 
13. Please note that because 
EBNOET uses a simulation, 
the results can vary, so you 
should not be concerned 
if  your results are different 
than those shown in the fol-
lowing exhibits. Columns B 
through G on the Results 
worksheet report results for 
the status quo, while columns 
H through O do the same for 
the special, using the lowest 
level of  demand investigated. 
The status quo results report, 
for all party sizes and overall, 
the number of  parties served 
(column B); the number of  

3 S.E. Kimes and G. M. 
Thompson. “An evaluation of  
heuristic methods for determining 
the best table mix in full-service 
restaurants.” Journal of  Operations 
Management, Vol. 23, No. 6 (2005), 
pp. 599-617.

Exhibit 10

Spreadsheet status bar when EBNOET is 
searching for the best table mix

Exhibit 11

Spreadsheet status bar when EBNOET is 
evaluating the special under progressively 
higher levels of demand

Exhibit 12

Optimized table mix

Exhibit 13

Value of the special, based on the restaurant simulation

based, largest party; 
and customer-based. As 
you might expect, the 
host-based, longest wait 
option assigns an open 
table to the party wait-
ing the longest that fits 
the table, ignoring party 
size. On the other hand, 
the host-based, largest 
party option assigns an 
open table to the largest 
party that fits, ignor-
ing waiting times. The 
customer-based table 
selection option uses 
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parties lost (whether turned 
away or departed (column C); 
the average wait for a table, in 
minutes (column D); the aver-
age longest wait for any party 
of  that size in a day (column 
E); the value of  customers lost 
(column F); and the value of  
customers served (column G).

The special results report, 
for the lowest level of  demand 

investigated, for all party sizes and overall: the number of  full-
fare parties served (column H); the number of  parties wanting 
the special that were served (column I); the number of  full-fare 
parties lost (column J); the number of  parties wanting the 
special that were lost (column K); the average wait for a table, 
in minutes across all parties (column L); the average longest 
wait for any party of  that size in a day (column M); the value of  
customers lost (column N); and the value of  customers served 
(column O). 

The ranges of  demand levels investigated merit an expla-
nation. In the Demand Estimate Mode, the lowest level is the 
estimated level of  demand provided by the user (column S on 
the Data Inputs, Part 1 worksheet), while the highest level is 
300 percent of  the lowest. In the Target Value Mode, the lowest 
level is the estimated breakeven quantity of  demand based on 

the target net value, while the highest level is three times the 
breakeven quantity.

Cell O24 of  the Results worksheet reports the net value 
of  the special, which is $115.24 for the example. As noted in the 
introduction, the results from the simulation are more accurate 
than those of  the back-of-the-envelope calculation, because an 
envelope outcome cannot account for capacity cannibalization. 
Comparing the values in columns C and J, one can see in this 
example that more full-fare customers are lost when the special 
is in effect than in the status quo, meaning that capacity was 
cannibalized. 

Perhaps the most useful capability of  EBNOET is to allow 
one to examine the effect of  progressively higher numbers of  
customers taking the special. Exhibits 14 and 15 do this for the 
Demand Estimate Mode, while Exhibits 16 and 17 do the same 
for the Target Value Mode. Starting at the level of  new demand 
for the special, from the specified estimates (in column S on the 
Data Inputs, Part 1 worksheet), and stepping through de-
mand levels of  three times that, Exhibit 14 reports the net value 
that would be achieved. The “Estimated Value” is based on the 
simple back-of-the-envelope calculation presented earlier. Exhib-
it 15 presents the same information in a graph. We note that the 
values achieved under increasing demand do not fall perfectly 
on the fitted line, because the results are based from a simulation 
of  restaurant performance, which has inherent variability. From 
the graph, we can see that new demand for the special would 

Exhibit 14

The value of the 
special and 
progressively higher 
levels of demand, from 
the Demand Estimate 
Mode

Exhibit 15

The relationship between the value of the special and progressively 
higher levels of demand, from the Demand Estimate Mode
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need to be about 2.5 times the level that was estimated for the 
restaurant to achieve the same value from the special as the level 
that was calculated from the original demand estimate. This, 
then, would offer a reality check to the restaurateur considering 
implementing the special.

For the Target Value Mode, five parties would be needed 
to break even with the Discount Percentage of  25 percent, the 
estimate that the special would cannibalize 0.75 existing parties, 
and the Target Net Special Value of  $100. Starting at that level 
of  new demand for the special, and stepping through demand 
levels of  up to three times that, Exhibit 16 reports the net value 
that would be achieved. The “Target Value” is the specified 
$100. Exhibit 17 presents a graph of  the same information. 
From the chart, it can be seen that about eight new parties 
would need to purchase the special to meet the target value of  
$100. Again, this can serve as a reality check for the restaurateur.

Exhibits 15 and 17 illustrate an important reality: increas-
ing demand for the special yields declining marginal benefits. 
The reason for this decline is capacity cannibalization. The 
more customers taking the special, the less capacity available to 
serve the full-fare customers. I reiterate that because EBNOET 
can simulate restaurant operations, it offers restaurateurs a 
means of  avoiding the inherent inaccuracy of  the back-of-the-
envelope calculations, and so can lead to better decisions regard-
ing whether to implement these specials.

Two Early Bird Examples
These examples are based on modifications of  the data pre-
sented earlier. For the first example, consider that customers 
who order the special may take less time to dine. If  we assume 
that dining times (and standard deviations) are 20-percent lower 
for guests who order the special than for full-fare customers, 

Exhibit 16

The value of the 
special and 
progressively higher 
levels of demand, from 
the Target Value Mode

Exhibit 17

The relationship between the value of the special and progressively 
higher levels of demand, from the Target Value Mode
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Exhibit 18

The relationship between the value of the special and 
progressively higher levels of demand, from the Demand 
Estimate Mode, when the dining duration is 20-percent lower 
for the customers taking the special

Exhibit 19

The relationship between the value of the special and 
progressively higher levels of demand, from the Target Value 
Mode, with an optimized table mix

we would see no change in the back-of-
the-envelope calculation. However, the 
special yields a higher value at every level 
of  demand, as illustrated in Exhibit 18. 
In this case, demand needs only to be 
about 20-percent higher than estimated 
for the special to yield the value originally 
estimated, which is notably less than was 
necessary when the durations were the 
same (see Exhibit 15). The reason for the 
higher values is that with shorter dining 
durations much less full-fare capacity is 
cannibalized in the peak periods, since 
most parties taking the special will have 
departed before the peak. From this we can 
see that reducing the dining duration for 
the early bird specials, perhaps by carefully 
restricting the menu offerings, would likely 
be more effective than just discounting the 
standard menu items. 

The second example examines how 
optimizing the table mix can affect the 
results, as illustrated in Exhibit 19. It uses 
the same Target Value Mode information 
presented earlier, the results for which were 
seen in Exhibit 17, but it optimizes the 
table mix instead of  using the restaurant’s 
existing mix. Here we see that the target 
value of  $100 is achieved with fewer than 
eight parties taking the special, compared 
to the eight parties required with the exist-
ing mix. An optimized mix not only can 
increase the status quo value achieved, but 
can also lower the level of  new demand 
necessary to achieve a target value from the 
special.
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A Night-Owl 
Lunch Example
This example is 
drawn from a 
college campus res-
taurant, popular at 
lunch, and is includ-

ed in a separate Excel file as part of  this tool. The data provided 
is for Mondays in September and October, which is the slowest 
lunch of  the week. A low waiting time tolerance of  five minutes 
was used, to reflect the timeliness important to lunch diners. To 
boost Monday lunch demand the manager could consider offer-
ing a “Night-Owl” special to diners arriving between 1:30 p.m. 
and 3:00 p.m., with the estimated effects on demand as reported 
in Exhibit 20. About one quarter of  the existing customers are 
estimated to switch to the special if  they arrived during the time 
it was offered, while new demand is also expected, greatest in 
the 1:30 p.m. period and tailing off later in the meal period. The 
special would be generous, with a net discount of  30 percent, 
which gives an estimated value of  the special of  $261.84 (this 
example uses revenue, not contribution).

Running EBNOET’s Demand Estimate Mode, we obtain 
the results illustrated in Exhibit 21. At the estimated level of  
new demand, the revenue increase would be about $170, while 
to achieve the estimated revenue bump of  $261.84, new de-
mand for the special would need to be about 60-percent higher 

Exhibit 20

Demand estimates for applying 
a Night-Owl Special to a lunch

Exhibit 21

Results from applying a Night-Owl Special to a lunch

than was estimated. Given that, and the fact that this analysis 
was based on revenue, not contribution, the manager might well 
conclude that the special would not be effective.

Thinking Outside the Box
With a little creative thinking, EBNOET can be used to evalu-
ate other types of  specials. Consider, for example, offering a 
discount to customers who dine quickly.4 For the sake of  the 
example, assume that the fast-dining parties will take 75-per-
cent as long as the times shown in columns E and F of  Exhibit 
2 (i.e., the values in columns G and H are 75 percent of  the 
corresponding values in columns E and F). Also assume that 20 
percent of  the parties will want to dine more quickly. If  we use 
the Demand Estimate Mode, the values in column R of  Exhibit 
4 would be 20 percent of  the corresponding value in column 
Q, while column S would be all zeros (meaning that 20 percent 
of  the existing demand would move to the special, and that no 
new customers were expected). Finally, the Discount Percentage 
would be zero. With a Discount Percentage of  zero, the esti-
mated value of  the special is zero because nothing is lost when 

4 Such a promotion, Lunch by the Minute, was devised in the mid-
2000s by the Line, a restaurant in the Singapore Shangri-La hotel. Guests 
would earn a discount if  they finished their meal in 30 minutes or less. See: 
Sheryl E. Kimes, Cathy A. Enz, Judy Siguaw, Rohit Verma, and Kate Walsh, 

“Cases in Innovative Practices in Hospitality and Related Services: Set 2,” 
Cornell Hospitality Report, Vol. 10, No. 4 (February 2010), Cornell Center for 
Hospitality Research.
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Exhibit 22

Results obtained when estimating the value of offering an incentive for 
faster dining

Appendix 
Tool Assumptions
EBNOET has the following assumptions: 

1. The restaurant only takes walk-in parties.

2. Tables cannot be combined.

3. Parties will not split—if a large enough table is not available, the party is lost.

4. Parties arrive following a Poisson distribution, with a stable mean within each 15-minute period. Poisson arrival patterns—
randomly timed arrivals with reasonably predictable means—are common in service businesses.

5. The “Maximum Tolerable Wait” applies to waiting parties, not to parties arriving (i.e., it is applied to the actual wait and not 
the estimated wait).

6. All parties wishing to receive the special will be given it.

7. You must run the tool on Office 2007 or later on a PC, or Office 2011 or later on a Mac.

8. You have calculated a Net Discount Percentage for the special, considering all relevant cost and revenue components (e.g., 
food, beverage, retail).

Assumptions 1 through 7 are similar to those in an earlier CHR Tool, the Restaurant Table Simulator v2012, which I 
developed.5 EBNOET includes a worksheet to assist in the calculation of the Net Discount Percentage, as described earlier.—
G.M.T.

5 G. Thompson, “Restaurant Table Simulator, version 2012,” Cornell Hospitality Tool, Vol. 3, No. 3 (2012), Cornell Center for Hospitality Research.

a full-fare party converts to 
the discount. Since we do not 
assume any new demand for 
the faster dining, there is no 
new demand to inflate. The 
quicker dining yields $23.77 
per day for the restaurant, 
across the 6.66 parties using 
the faster dining, as reported 
in Exhibit 22. Those 6.80 
parties represented a total 
of  24.9 customers, so the 
savings works out to $0.96 
per person. This would be 
the upper limit on the value 
of  the discount offered to 
fast-dining parties.

To summarize, the key 
value of  EBNOET is its abil-
ity to give a more accurate 
prediction of  the value of  
a special, so that managers 
can make informed decisions 
about whether and in what 
form to offer the specials. n



14  The Center for Hospitality Research • Cornell University

2016 Reports
Vol. 16  No. 19  Experimental Evidence 
that Retaliation Claims Are Unlike Other 
Employment Discrimination Claims, by 
David Sherwyn, J.D., and Zev J. Eigen, J.D.

Vol. 16  No. 18  CIHLER Roundtable: 
Dealing with Shifting Labor Employment 
Sands, by David Sherwyn, J.D.

Vol. 16  No. 17  Highlights from the 2016 
Sustainable and Social Entrepreneurship 
Enterprises Roundtable, by Jeanne Varney

Vol. 16  No. 16  Hotel Sustainability 
Benchmarking Index 2016: Energy, Water, 
and Carbon, by Eric Ricaurte

Vol. 16  No. 15  Hotel Profit Implications 
from Rising Wages and Inflation in the U.S., 
by Jack Corgel, Ph.D.

Vol. 16  No. 14  The Business Case for (and 
Against) Restaurant Tipping, by Michael 
Lynn, Ph.D.

Vol. 16  No. 13  The Changing Relationship 
between Supervisors and Subordinates:
How Managing This Relationship Evolves 
over Time, by Michael Sturman, Ph.D. and 
Sanghee Park, Ph.D.

Vol. 16  No. 12  Environmental Implications 
of  Hotel Growth in China: Integrating 
Sustainability with Hotel Development,
by Gert Noordzy, Eric Ricaurte, Georgette 
James, and Meng Wu 

Vol. 16  No. 11  The International Hotel 
Management Agreement: Origins, Evolution, 
and Status, by Michael Evanoff

Vol. 16  No. 10  Performance Impact of  
Socially Engaging with Consumers, by Chris 
Anderson, Ph.D., and Saram Han

Vol. 16  No. 9  Fitting Restaurant Service 
Style to Brand Image for Greater Customer 
Satisfaction, by Michael Giebelhausen, 
Ph.D., Evelyn Chan, and Nancy J. Sirianni, 
Ph.D. 

Vol. 16  No. 8  Revenue Management 
in Restaurants: Unbundling Pricing for 
Reservations from the Core Service, by 
Sheryl Kimes, Ph.D., and Jochen Wirtz, 
Ph.D.

Vol. 16  No. 7  Instructions for the Food 
Preparation Scheduling Tool v2015, by Gary 
Thompson, Ph.D.

Vol. 16  No. 6  Compendium 2016

Vol. 16  No. 5  Executive Insights on Leader 
Integrity: The Credibility Challenge, by 
Tony Simons, Ph.D., with Kurt Schnaubelt, 
John Longstreet, Michele Sarkisian, Heather 
Allen, and Charles Feltman

Vol. 16  No. 4  Authenticity in Scaling the 
Vision: Defining Boundaries in the Food and 
Beverage Entrepreneurship Development 
Cycle, by Mona Anita K. Olsen, Ph.D., and 
Cheryl Stanley

Vol. 16  No. 3  Communication Planning: 
A Template for Organizational Change, by 
Amy Newman

Vol. 16  No. 2  What Guests Really Think 
of  Your Hotel: Text Analytics of  Online 
Customer Reviews, by Hyun Jeong “Spring” 
Han, Ph.D., Shawn Mankad, Ph.D., Nagesh 
Gavirneni, Ph.D., and Rohit Verma, Ph.D. 

Vol. 16  No. 1  The Role of  Service 
Improvisation in Improving Hotel Customer 
Satisfaction, by Enrico Secchi, Ph.D., Aleda 
Roth, Ph.D., and Rohit Verma, Ph.D.

CREF Cornell Hotel Indices
Vol. 5  No. 3  Second Quarter 2016: 
Slowdown for Large Hotels Continues: 
Small Hotels Have Now Slowed as Well, by 
Crocker Liu, Ph.D., Adam D. Novak, Ph.D., 
and Robert M. White, Jr.

Vol. 5  No. 2  First Quarter 2016: Second 
Verse, Same as the First, by Crocker Liu, 
Ph.D., Adam D. Novak, Ph.D., and Robert 
M. White, Jr.

2015 Reports
Vol. 15  No. 22  Have Minimum Wage 
Increases Hurt the Restaurant Industry? The 
Evidence Says No!, by Michael Lynn, Ph.D., 
and Christopher Boone, Ph.D.

Vol. 15  No. 21  Hotel Brand Conversions: 
What Works and What Doesn’t, by Chekitan 
S. Dev, Ph.D.

Vol. 15  No. 20  The United States Supreme 
Court Rules in Favor of  Employees in the 
Young and Abercrombie Cases: What Do They 
R Peally Hold?, by David Sherwyn, J.D., and 
David B. Ritter

Vol. 15  No. 19  The New Science of  Service 
Innovation, Part 4: Select Research on 
People from the 2014 Cornell Hospitality 
Research Summit, by Cathy Enz, Ph.D., and 
Rohit Verma, Ph.D.

Vol. 15  No. 18  The New Science of  
Service Innovation, Part 3: Select Research 
on Technology from the 2014 Cornell 
Hospitality Research Summit, by Cathy Enz, 
Ph.D., and Rohit Verma, Ph.D.

Vol. 15  No. 17  The New Science of  
Service Innovation, Part 2: Select Research 
on Organizations from the 2014 Cornell 
Hospitality Research Summit, by Cathy Enz, 
Ph.D., and Rohit Verma, Ph.D.

Center for Hospitality Research

Publication Index
chr.cornell.edu

http://mstracker.com/index.php?fuseaction=Admin.ShowAuthorToUpdate&AuthorID=39680&ms=Y
http://mstracker.com/index.php?fuseaction=Admin.ShowAuthorToUpdate&AuthorID=11103&ms=Y
http://mstracker.com/index.php?fuseaction=Admin.ShowAuthorToUpdate&AuthorID=116514&ms=Y
http://mstracker.com/index.php?fuseaction=Admin.ShowAuthorToUpdate&AuthorID=116514&ms=Y
http://mstracker.com/index.php?fuseaction=Admin.ShowAuthorToUpdate&AuthorID=116515&ms=Y


Cornell Hospitality Tool • August 2016 • www.chr.cornell.edu • Vol. 16, No. 20 15

CHR Advisory Board Cornell Hospitality Report
Vol. 16, No. 20  (August 2016)
© 2016 Cornell University. This report may not be 
reproduced or distributed without the express 
permission of the publisher.

Cornell Hospitality Report is produced for the 
benefit of the hospitality industry by  
The Center for Hospitality Research  
at Cornell University.

Christopher K. Anderson, Director
Carol Zhe, Program Manager
Glenn Withiam, Executive Editor
Kate Walsh, Acting Dean, School of Hotel 
Administration

Center for Hospitality Research
Cornell University
School of Hotel Administration
389 Statler Hall
Ithaca, NY 14853

607-254-4504
chr.cornell.edu

Syed Mansoor Ahmad, Vice President, Global 
Business Head for Energy Management Services, 
Wipro EcoEnergy

Marco Benvenuti MMH ’05, Cofounder, Chief 
Analytics and Product Officer, Duetto

Scott Berman ’84, Principal, Real Estate Business 
Advisory Services, Industry Leader, Hospitality & 
Leisure, PwC

Erik Browning ’96, Vice President of Business 
Consulting, The Rainmaker Group

Bhanu Chopra, Founder and Chief Executive Officer, 
RateGain

Susan Devine ’85, Senior Vice President–Strategic 
Development, Preferred Hotels & Resorts

Ed Evans ’74, MBA ’75, Executive Vice President & 
Chief Human Resources Officer, Four Seasons 
Hotels and Resorts

Kevin Fliess, Vice President of Product Marketing, 
CVENT, Inc.

Chuck Floyd, P ’15, P ’18 Global President of 
Operations, Hyatt

R.J. Friedlander, Founder and CEO, ReviewPro

Gregg Gilman ILR ’85, Partner, Co-Chair, Labor & 
Employment Practices, Davis & Gilbert LLP

Dario Gonzalez, Vice President—Enterprise 
Architecture, DerbySoft

Linda Hatfield, Vice President, Knowledge 
Management, IDeaS—SAS

Bob Highland, Head of Partnership Development, 
Barclaycard US

Steve Hood, Senior Vice President of Research, STR

Sanjeev Khanna, Vice President and Head of 
Business Unit, Tata Consultancy Services

Josh Lesnick ’87, Executive Vice President and Chief 
Marketing Officer, Wyndham Hotel Group

Faith Marshall, Director, Business Development, NTT 
DATA

David Mei ’94, Vice President, Owner and Franchise 
Services, InterContinental Hotels Group

David Meltzer MMH ’96, Chief Commercial Officer, 
Sabre Hospitality Solutions

Nabil Ramadhan, Group Chief Human Capital 
Officer, Human Resources, Jumeirah Group

Umar Riaz, Managing Director—Hospitality, North 
American Lead, Accenture

Carolyn D. Richmond ILR ’91, Partner, Hospitality 
Practice, Fox Rothschild LLP

David Roberts ENG ’87, MS ENG ’88, Senior Vice 
President, Consumer Insight and Revenue Strategy, 
Marriott International, Inc. 

Rakesh Sarna, Managing Director and CEO, Indian 
Hotels Company Ltd.

Berry van Weelden, MMH ’08, Director, Reporting and 
Analysis, priceline.com’s hotel group

Adam Weissenberg ’85, Global Sector Leader Travel, 
Hospitality, and Leisure, Deloitte

Rick Werber ’83, Senior Vice President, Engineering 
and Sustainability, Development, Design, and 
Construction, Host Hotels & Resorts, Inc.

Dexter Wood, Jr. ’87, Senior Vice President, Global 
Head—Business and Investment Analysis, Hilton 
Worldwide

Jon S. Wright, President and Chief Executive Officer, 
Access Point Financial


	Cornell University School of Hotel Administration
	The Scholarly Commons
	8-30-2016

	Early Bird & Night Owl Evaluation Tool (EBNOET) v2015
	Gary Thompson
	Recommended Citation

	Early Bird & Night Owl Evaluation Tool (EBNOET) v2015
	Abstract
	Keywords
	Disciplines
	Comments


	_GoBack

