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ABSTRACT

Within the competitive foodservice industry, the ability to accurately predict the length of the
meal process known as turn-time is critical to the success of the firms in the industry. This is
traditionally done through multiple least squares (linear regression) technique. However, linear
regression lack the characteristics needed to accurately predict time durations, while survival
models were designed for that purpose. This study utilized simulated data of a dine-in restaurant
to test and compare the ability of linear regression to five survival models (proportional hazard
models) to accurately predict the duration of turn-time. The results from the simulated trials
show that while some of the survival models held marginal improvements, linear regression
performed adequately for predicting duration of turn-time as compared to the survival models.
For practitioners interested in the practical ease of the models, linear regression is recommended
while practitioners interested in incremental improvements may opt for survival models.
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INTRODUCTION

As the competition within the foodservice industry has increased, the need to accurately
predict factors that are key determinants of restaurants’ success becomes more important. One of
such critical factors affecting consumers’ perceptions of a restaurant service quality is the
amount of time the meal process will take (Richard, Sundaram, & Allaway, 1994). This duration
of the meal process is known as furn-time (Thompson & Kwortnik, 2008).

The importance of turn-time is two-fold: first, it is a key determinant in patrons’ decision
making process; second, it plays a vital role in practitioners’ ability of efficiently managing the
dining floor and making profits (Kimes & Thompson, 2004). The lack of the latter can
potentially lead to higher marginal costs due to greater periods in the lag between usages of
tables and higher probabilities of patrons being turned away during busy meal periods (Sill,
1991). Thus, the foodservice facilities that are able to accurately predict turn-time can develop
more consistent models for their revenue management systems.

Given the importance of the topic, it is no surprise that the question how to effectively
predict turn-time in commercial foodservice has been actively explored by hospitality
researchers and practitioners (Kimes & Thompson, 2004). Nevertheless, certain areas of the turn-
time theory are flawed. Often, predictions of turn-time lack reliability. As patrons make their
way through their meal process, a variety of factors that hold influence over turn-time may occur
and interfere (Thompson & Kwortnik, 2008). These influential on turn-time variables are known
as time-varying variables (Klien & Moeschberger, 2003). Examples of these factors vary
drastically, from patrons abruptly ordering dessert or quickly asking for a check. That is why
predicting turn-time with time-varying variables has typically caused lack of consistency in
traditional regression studies (Golub, 2007).

The significance of the current study stems from the attempt to address this gap by
employing survival analysis that has not been commonly used in hospitality research. While
traditional regression techniques lack robustness in measuring time-processes with time-varying
variables, survival analysis was developed for measuring time-processes and can take into
account time-varying variables (Golub, 2007). A number of studies in a variety of fields have
shown that survival analysis predicted time better than traditional regression methods (Gokovali,
Bahar & Kozak, 2007).

To reiterate, the objectives of the current study can be summarized as following:

« To examine applications of survival analysis techniques for turn-time in foodservice
settings.
« To compare survival modeling results of turn-time with the most widely used traditional
regression method, multiple least-squares (MLS).
LITERATURE REVIEW
Turn-time

Plethora of studies have found reliable predictions of the quality of food, delivery of
service, and costs of meals through traditional regression techniques based on well-known scales
(Becker, 1991; Cardello, 1995; Gnroos, 1993). However, the duration of turn-time itself has
been difficult to predict consistently (Kimes, Wirtz, & Noone, 2002). Managers knowing the
length of the meal process based on characteristics of the party are able to book reservations with



fewer lapses in table usage time as well as know how to fine-tune the waiting staff schedule
(Kimes et al., 2002). Additionally, the ability to accurately predict turn-time has been suggested
to improve service quality (Thompson & Kwortnik, 2008).

The lack in ability to precisely predict turn-time of patrons is attributed to various
characteristics that hinder predictions of time in traditional regression models (Kimes et al.,
2002; Gokovali et al., 2007). First, while time can only be positive, traditional regression models
may result in negative prediction values of time (Gokovali et al., 2007).

Second, the duration of the meal process is dependent on variables that cannot be easily
predicted in advance as they occur and change during the process of the meal. These time-
varying variables are problematic because they can violate the assumptions of conditional
independence in least-squares models (Gokovali et al., 2007). As changes occur during the
duration of the event, least-squares models results will be bias as the time-varying variables
influence the duration of the event, but the predicted values remains static (Gokovali et al., 2007;
Stock & Watson, 2007).

Lastly, time does not always follow a normal distribution (Peister, 2007). Modeling non-
normal distributions through least-squares will violate the normality assumption and cause bias
predictions in the results (Stock & Watson, 2007).

Even though traditional regression models lack robustness when measuring time-varying
variables, studies have utilized an assortment of traditional techniques to find the factors that
influence turn-time (Bell & Pliner, 2003; Kimes & Mutkoski, 1989; Ma & Jatoi, 2007). It was
found that the size of the party dining at a table not only influenced turn-time but also held a
direct influence on the per-patron calorie intake (Bell & Pliner, 2003). As patrons increased their
calorie intake they typically stayed longer, this could be due to the additional time it takes
processing non-entrée (Wansink, Payne & North, 2007). Lastly, types of payment, meals and
time of arrival can also influence the duration of the meal-process (Kimes & Mutkoski, 1989;
Kimes & Thompson, 2005).

However, as each of the turn-time studies contributed to the ability to understand turn-
time, the results of these studies come with a degree of limitations due to the limited robustness
in the models used in the studies (Gokovali et al., 2007). To adequately remedy these limitations,
survival analysis is suggested and discussed in the next section.

Survival Analysis

Survival analysis measures the probability of how long it will take a given outcome to
occur for a group of similar individuals known as failure times (Cox & Oates, 1984).
Furthermore, survival analysis also measures the probability that the given event in question will
last until the next point in time (Gokovali et al., 2007). It should be noted though that the
incident itself does not need to hold negative connotations (Bland, 2004).

The most useful benefits to survival models are keen to their growth in popularity. First,
survival models are able to take time-varying variables into account within the modeling process
(Golub, 2007). This is mostly done through proportional hazard (PH) models (Barros et al.,
2010). Second, survival models are not restricted by the assumption that the distributions of the
variables in the data need to be normal (Sloot & Verschuren, 1990). Third, survival models only
produce positive predictions of time (Gokovali et al., 2007). It follows, that time has the potential
to not follow a normal distribution, needs to be positive in predictions and is influenced by time-
varying variables. Therefore, this study expects that survival models will outperform MLS model
with predicting of turn-time.



Hypothesis: Predictions of the duration of turn-time through survival models will be more
precise than predictions of the duration of turn-time through traditional regression models.

METHODS
In order to test the predictive abilities of MLS and the survival models, simulated data
was developed via probability distributions for creating the values of the variables influencing
turn-time. Turn-time was set as the total time spent in the restaurant. This includes time spent
waiting, talking and eating from each part of the meal process.

A total of 1000 random dine-in party observations were created for the simulated dine-in
restaurant that was assumed to be open seven days a week from 8AM to 8PM with the end part
of the week excluding Sunday being busier. In addition, breakfast, lunch and dinner were set as
the busiest times of the day while late-morning, mid-afternoon and late-dinner were not as busy.
The meal process for the restaurant is broken out into waiting-time, beverage, appetizer, entrée,
dessert and check-time. Lastly, parties were randomly set to opt out of some of the meal process.

The hypothesis testing was conducted through 1000 simulation trials of comparing turn-
time prediction models. The turn-time prediction models included MLS model as the traditional
model and five parametric proportional hazard models as the survival models. The parametric
distributions utilized in the PH models were the more widely used distributions (Weibull,
Exponential, Gamma, Log-normal, and Log-logistic) for predicting time (Klien & Moeschberger,
2003). For a descriptive list of the distributions properties please see Table 1.

Table 1. Parametnc Distribution Properties

Distribution Probability Density Function (FDE) Mizan
Weibull o= lerp(-AE), t=0; A > 0; o0 T+ ale
Exponential M i=0a>0 1k
Gamma B lag p( AN T(E), t=10; A > 0; B0 Bii
Log-normal exp{-1/2[(n(D-u)oF ¥ [12x) %61, t=0; >0 gFH DT
Log-logistic (e A+, =0, b= 0; o0 aCsclm a)](ehl®), if o>l

Note: PDE: and Means are cited from Hassett & Stewart, 1999 and Klien & Moeschberger, 2003

The models were compared through various measures that examined the turn-time
predictive properties of the models in the simulations. The measurements include how well the
models survival curves fit the actual survival curve including the best match and average
difference. Additional measurements included how well the models turn-time predictions
matched the actual turn-time. This was done through comparing the models to determine which
had the best match for each observation, which model held the best log-likelihood scores, which
model had the furthest difference in time prediction and how many exact turn-time predictions
(Iess than 1% error) each model had. Lastly, other measurements included how many negative
matches each model had for each simulation run and which model held the closest in predicted
overall mean to the actual overall mean.

RESULTS
Simulation Results

With the random values from the probability distributions being set to follow the
literature on the typical values for the influential turn-time variables, it was no surprise that the
basic descriptive results from the simulations followed a similar path (Kimes, 2004; Kimes et al.,



2002; Kimes & Thompson, 2005). The means of the variables from the simulations are summed
up in Table 2. As expected Thursday, Friday, and Saturdays were the busier days, while
breakfast, lunch and dinner were the busier times (Kimes, 2004). The time talking was more than
the times eating as patrons spend more time chatting when eating in larger parties (Bell & Pliner,
2003). The average turn-time of 65.6 minutes is well within what other studies reported for turn-
time (Kimes et al., 2002; Thompson & Kwortnik, 2008).

Tahle 2. M eans of Variables
Depe of the Wask Meare Pariy Size Megns  _Arrival Time Memns
Monday 38.12 1 patron k| 3:00:00 AM 69.11
Toesday 11061 2 Patrons 35415 G:00:00 AMT 10410
Wednesday 170.36 3 Patrons 362.58 100000 AN 5765
Thursday 21116 4 Patrons 164,85 100000 AN 35.60
Frday 2405 5 Patrons 6.6 12:200:00P0  143.07
Saturday 19282 6 Patrons 175 1:00:00 PhI T1.56
Svnday 5238 7 Patrons 540 2:00:00 Phi 358.80
Waiting Timss 8 or more Patrons 1.08 3:00:00 P 3070
Checlein 448 Time 4:00:00 Phi 08.70
Beverage 192 Eating 15.88 5:00:00 P 161.03
Appetizer 3.80 Talkins 2548 6:00:00 Fh 11933
Entrée 1252 Turn-Time 635.40 70000 BM 558,80
Diszert £.86 Orderad 2:00:00 Ph 748
Checl out 221 Appetizer 436
Entra= 047091
Diessert 60.78

WNotz: Means are based on 1000 simulation trials

A closer inspection of turn-time was conducted through graphing of the average of the
survival curves of turn-time with the lower and upper 95% confidence intervals in Figure 1.
While the survival curves indicated that turn-time was fairly normal as the mean of turn-time
was within the range of the median, there appeared to be departures from normality. These
departures from normality included a shift early in the survival curve as well as the tail ends of
the survival curve being fatter than the tail ends of a normal distribution.
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Figure l. Turn-time Survival Curve
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Hypothesis Testing

To test the hypothesis, parameter estimates of each of the six models were first conducted
for testing the predictive properties in the simulations. The parameters estimates for each of the
six models are displayed side-by-side in Table 3. The models mostly held similarity on the
variables parameter estimates with differences between their exact strength and subtle
differences in a few of the variables. The similarity in parameter estimates was to be expected as
three of the survival models were derivations of one another with the exponential distribution
being a special case of the Weibull and gamma distributions (Hassett & Stewart, 1999).

Tablel. Parametars Estimates

Los-
hultiple Exponsntial Gamma Los- lngi;&{:
Parameters LEE Waibull PH FH FH normal FH FH
Intercept 3.00 -0 4p %+ -3 30%% 350+ 3 12¥+# 320+
Monday 202 05 .01 0.02 0.00 000
Tuesday 1204+ -0, TE** .30 025*+ (32% 020+
Wednesday 18. 77+ -1.00 % 041# 0 40%# () 43%% 0.4+
Thursday 26.01#* -1 10% 047+ 0 44%+ () 40%# 043+
Frday 2550+ -1 26% 043+ D46%# () 4g** 0.4+
8 aturday 22.40% -1 15%* 045+ D42%# () 45%* Q.47+
Early Morning 1.95 411 .03 004 0.01 001
Late Morning -5.40 025% (.10 .00+ 12 -0.11
Lunch 2.81 045 .15 0.17 0.12 014
Late Lunch -1.65 0.01 (.00 0.00 0.01 -0.01
Wiid Dy -15 20% (.32%% (.13 -0 12+ 0. 15%* L 15%+
DHinner 3.03% 0.21# .08 0.08% 0.05 008
Party 8 iz 12,02+ 0] #* 0.15%# 0 15%# () 22¥% Q.17+
In Humy -4 §3#+* 220 (. 543 0.8 ** (.55 %+ ) B4%+
Laft Early 1312 2.00%% 0.53% 0. T6%* 0. 574 L 36%+
Appetizer 10.43%* -4 #* .16 0 15%# () 17%% Q.16+
Entrée 17.52% T2 (.25 Q25+ () 26%* 0.25%
Diessert 12,004 0434+ .15 0.16%# (. 16%* 014+
Eho (.37+%
Sirma 036%+ () 51%+*
Kappa 1 07%%
Gamima Q25+

Mote: ¥ indicates sipnificances at 003 level and ¥ indicates sigmficancs at (.01 lavel

The simulations recorded in Table 4 revealed some interesting findings. While the log-
likelihood scores and predicted precision indicate that exponential model had the best overall
scores with the MLS being in the middle of the pack. In addition, MLS was in the middle of the
set with how well its overall average of turn-time matched the actual average of turn-time. Even
though MLS did not perform as poorly as the review of literature on survival models would
indicate, it was the only model to have negative predictions of turn-time.



Table 4 Simulation Sunmnary Statistics

Loe- Log-
hultiple Waibnll Exponential Gamma  normal logistic
% inmwlation § tatistics L:E PH PH PH PH FH
Log Lil=lihood 44 45 -35387 319.390 -356.93 32051 33353
Furthest Difference 11293 11842 131.49 11912 178.43 12012
Exacthlatchss "within 195" 2115 214 2125 21.80 2159 2136
Megative Tume Predictions 5.73 0 0 0 0 0

Prediction Precizsion Ta.M%  T47% T638% T4538%  TT0% T3S0
Avermge Difference in Predictions 2017 206 19.75 20.79 20.85 20008
Orverall Predictzd Turn Time mn27 2.8 £6.00 B4 £8.95 6345
Best Pradiction Match 17412 37.16 160.46 16490 223.31 235.05
8 vrvval Curve Mateh 2728 17.15 4583 27.00 9722 651
8 vrvval Curve Difference 5% 574 4.33% 582 3.11% 3.37%

Note: (1) Averages are based on 100 sirmlabons

Lastly, to see how well each model predicted turn-time for each time interval of the
survival curve, the models log-likelihood scores were summated from the simulations for every
time-interval on the survival curve. The model with the best summated log-likelihood score at
each time interval is highlighted in Table 5. It is interesting to note that all the models with the
exception of the Weibull model outperformed the other models at some point over the time
period.

Table 5 Precision Comparison of Tum T ime Duration Prediction Models

Time (Whmstes)
Buraval Modal 1to 14 15 16tol9 20tod7 48to84 83 to 100 110 to 180
LislbpleLEE
Weitull FH
Exponsntial PH I

Gamma PH ]
Log-normal FH
Loz-logistic PH e

Mote: Areas shaded indicate model held the best log-lil=lihood scors for the siven time period over the
1000 2 irvmelatad trials.

To sum the hypothesis results, the exponential and Log-normal proportional hazard
models fit the simulated data better than MLS model; while Gamma and Log-logistic PH models
were roughly equivalent and the Weibull proportional hazard model fit worse. In addition, MLS
model outperformed the PH models in some areas, but was mostly average in its ability to
predict turn-time.

Furthermore, the hypothesis stated that MLS would be outperformed by all the
proportional hazard models. Given that this was not the case, the hypothesis is rejected.
However, it is important to mention that some PH models did outperform MLS model in a
majority of the tests.

DISCUSSION

While previous studies indicate that MLS would have difficulty predicting at or near the
levels of the survival models (Gokovali et al., 2007), it did not lag behind the other tested models
in many of the testing categories. Even though MLS did produce some negative predictions, it
has particular advantages that may outweigh its negatives. First, multiple least-squares is
available in most software packages. Furthermore, with MLS ease of usage and its ability to



predict duration of turn-time that is on par with some of the survival models, it clearly is a
beneficial model for practitioners to use.

It should be noted, however, that for practitioners whom are constantly looking for
improved and more accurate predictions, survival analysis can be a viable option. The hypothesis
testing of this study revealed that a few of the proportional hazard models predicted duration of
turn-time better than multiple least-squares. Furthermore, each small degree of improvement in
turn-time predictions can considerably increase the efficiency a foodservice establishment,
particularly the service and reservation systems.

This study shows that in varying degrees each of the PH models positively stood out in
comparison with the traditional MLS method. Such advantage practitioners could utilize when
looking to improve the precision of turn-time predictions. Moreover, different survival models
may be more effective in various contexts. For example, establishments with dominant
proportion of patrons staying longer may utilize the gamma PH model to improve predictions of
turn-time. On the other hand, establishments that have a large number of patrons who tend to
leave earlier than the expected may look to log-normal PH model to classify the attributes of
these patrons to improve waiting times. Operators with a stable meal process may consider
utilizing exponential PH model for improving the predictions of turn-time.

Given that a majority of the models stood out in the predictions of turn-time at some
point, practitioners looking for optimal predictions may opt for hybrid turn-time prediction
models. As each model brings a degree of positives, mixing of these models may also limit the
downside of each of the models. In addition, future research may look to stratified survival
models by attempting to find the optimal combination of variables utilized for splitting the
survival models.

This study comes with some limitations. First, the simulated data used in this study may
not fully represent all possible outcomes and their actual effects played out at a dine-in
restaurant. Second, previous studies have noted that the type of restaurant greatly affects how
long patrons stay (Kivela, 1997). This study assumed a traditional sit down dine-in restaurant for
the simulations in determining turn-time. Other types of restaurants’ turn-time values may follow
paths that potentially vary when compared to the values in this study.
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