Labor Planning, Execution, and Retalil Store Perforoe:

an Exploratory Investigation

Serguei Netessine Marshall L. Fisher

Operations and Information Management Department
The Wharton School, University of Pennsylvania
netessine@wharton.upenn.efisher@wharton.upenn.edu

Jayanth Krishnan
International Monetary Fund, Washington, DC
jkrishnan@imf.org

February 2009, revised February 2010

Abstract: After the cost of goods sold, store labor expénsiee largest cost component in the retailing
industry. As a result, developing and executitgpiaglans is a key task for retailers. In thisgrape use
private data provided by a large retail chain teas the relationship between labor planning and
execution practices and the average transacti@kébavalue of a retail store location. We findtth
consumer basket value varies greatly from stostd®e and that there is a strong cross-sectional
association between labor practices at differarestand basket values. In particular, matchibgrla
deployment to store traffic (rather than to theetarst of sales, as many retailers currently do) is
associated with larger basket values. We furtbpaate the task of labor management into the jsignn
component (i.e., creating a labor plan that matttadfic patterns) and the execution componengs, (i.
deploying part-time employees, full-time employaed managers to match the labor plan), and we find
that stores with better plans and stores with bettecution of these plans for full-time employ@ast

not for part-time employees) demonstrate signifigamgher basket values. We obtain these resiilts
controlling for customer demographics and prodactety, which are also significant in explaining
basket values. Our findings suggest that modgstanements in employee scheduling and in execution
of the schedule can result in a 3% sales lift adenate, or even no, additional cost.
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“No matter how you slice it in the retail busingsayroll is one of the
most important parts of overhead, and overheadesof the most
crucial things you have to fight to maintain youofit margins. That
was true then, and it is still true today.”

Sam Walton: Made in America

1. Introduction

After the cost of goods sold, expenses relatedriiagh training, and employing store labor
constitute by far the largest component of a retailcosts, often accounting for 10 to 20% of sales
sometimes for more than 50% of operating coststhBtmore, labor costs are currently rising atghéi
rate than revenues or gross margins, mainly directeases in employee benefits (IHL Consulting 2005
Not surprisingly, issues of payroll are often oa thinds of retail CEOs and leading retail companies
expend significant resources to ensure that thaies are efficiently staffed to serve fluctuatougtomer
demands. For example, many prominent retailetaditeg RadioShack, Sears, and J. Crew have moved
to computerized store labor scheduling systems évaB07) and, according to AMR research, estimated
revenues for work-force management systems areiggdey 15 to 20% each year. While traditional
approaches of scheduling employees are typicaigdban previous year’s sales figures, there isalso
new wave of software products that matches labetdie traffic. For example, Wal-Mart has annouhce
the introduction of a new computerized scheduliygjesm that “will start moving many of its 1.3 milh
workers from predictable shifts to a system basethe number of customers in stores” (see Maher
2007). Likewise, Kronos (2006) describes a sinsl@mtem at Payless ShoeSource.

Attempts to optimize the planning and executiostofe labor are much publicized and a variety
of optimization tools exist to help managers witls task. Nevertheless, in our experience, evelést
in-class labor scheduling systems lack one cringakdient: the ability to determine the impact of
workforce management policies on revenue. Typic&bor planning is done at retail headquarteith) w
a lot of thought but little input from store manegygoing into it. Then the plan is given to therst
manager, who must do whatever is necessary to gouhgbpite dealing with such factors as employee
absenteeism, vacations and sick leaves, a lackalified candidates willing to work at minimum wage

the inflexibility of working parents’ schedules,datihe necessity to cover sudden surges in the difoan



labor. All of these issues must be handled with@overall budget constraints imposed by the qattpo
office. Additionally, the store manager needstteral to a variety of other issues within the stbia are
not related to labor scheduling (e.g., customerptamts, financial reporting, community outreactt,. e
For all these reasons, both the planning procegshenexecution of the labor deployment plan are fa
from straightforward.

In our conversations and research engagementawitimber of major retailers we found that,
while labor deployment is often tightly plannedetté is currently no agreement on whether this jtegnn
should be done using a forecast of sales or adstex store traffic, and both approaches are otiyre
used. Further, few retail executives know or dvave ways to assess how store managers execute thes
plans, since the oversight of store managers’ g@ikatof the plan is often limited to making surath
stores do not exceed the allocated payroll budifietreover, many store managers are provided little
information about how the planning was done andtbenay doubt whether the plan is worth following.
Others may simply follow the plan as closely assgme and focus their attention on other issuegs Th
often leads to inconsistency in the execution bétadeployment. For example, Fisher and Krishnan
(2005) discuss how one manager at the Wawa com@mnigore chain was particularly careful about
monitoring store traffic and acting accordingly,embas managers of other Wawa stores were not.

Much of the academic literature on retailing hagu®d on issues such as selecting products,
advertising, forecasting demand, and managing gugbiains, whereas issues related to practical
impediments to labor planning and execution ofpfae remain relatively unaddressed. The goalisf th
paper is to assess and quantify the importanced Rbor planning and execution using empiriedhd
We hypothesize that the basket values of a retait should be positively associated with the dyali
labor planning and execution of the plan. We psapaovel measures of the quality of store labor
planning and execution. Specifically, we measheequality of store labor planning using the matath-
month deviations (mismatches) between forecastsooé traffic and planned labor hours: the higher t
deviation, the lower the quality of planning. Fetmore, we measure the quality of store labor i@t

using the month-to-month deviations between planaledr and actual labor deployment. Finally, we



suggest that matching full-time labor to the plamiore important than matching either part-timefaly
managers. We test our hypotheses using data flargeretail chain. We analyze the performance of
each location as captured by basket value (i.e ddfiar value of each transaction) because, waearg
basket value is more likely to be directly affecbgdstore labor policies than other performanceriocget
Basket value is clearly of great interest to retail since it is directly linked to revenue.

We find significant cross-sectional variation irskat values that, in part, is explained by the
quality of labor planning and execution. In partiz, our econometric analysis supports the hysathe
that better store labor planning based on trafiiough the store and better execution of the plan a
positively associated with basket values. Spelficwe find that matching store labor to traffar its
forecast) is superior to matching store labor tessand is associated with higher basket valuesthér,
we find that matching full-time labor to the plandlso associated with higher basket values.
Interestingly, the same is not true for either piane labor or managers: we explain this findingtig
fact that these two employee groups usually pertmaok-office functions while full-time employees
perform front-office functions that directly affdehsket value. We estimate the sales lift thathsn is
likely to generate if corrective measures to adphsitrt-term staffing levels are taken and we ftrat the
total sales lift for the entire chain could be apmately 1.4% through modest improvements in labor
planning and 1.7% through better labor executi@ombined, these estimates exceed annual comparable-
store sales growth reported by the company in ¢éae gf our study.

The key contributions of this paper are (1) to psmpnew metrics for store labor planning and
execution, (2) to provide evidence that better igidanning and execution are associated with better
basket values, (3) to show that labor planningregdraffic is superior to labor planning agairaes and
(4) to estimate the financial significance of begtianning and execution as well as to recommend
specific steps that are likely to improve the parfance of retail stores. The remainder of the paper
proceeds as follows. In Section 2 we review thexditure. In Section 3 we formulate our research
hypotheses, in Section 4 we describe our data aslidninary analysis, and in Section 5 we provide th

econometric specifications of the model. Sectialis6usses the results of the estimation and Se¢tion



provides robustness analysis of our results. Kin&ection 8 concludes with a discussion of the

managerial implications and limitations of our fimgls.

2. Literature Review

The literature on retailing is vast and the sciesfotailing combines a variety of topics (see
Fisher and Raman 2010). The literature streamimglatost closely to our work is that addressingéss
of workforce planning and scheduling. Salmon (9988s the first to note the importance of retaitst
execution. There is arich literature in operatiossearch which uses mathematical programming Isiode
(see, e.gBechtold and Jacobs 1990), but therefame papers that empirically analyze the role ef th
workforce in retail store performance. Lusch aedp®enci (1990) study the relationship between four
personal difference variables and job outcomesef@il store managers. Hise et al. (1983) conduct
cross-sectional analysis of a retail chain usingesudata and find that the number of employeestiaad
store managers’ experience are significant in éxiplg the financial performance of a retail locatio
Ton and Huckman (2008) study the impact of empldyeover on process conformance within retail
stores and find that the negative effect of turmésenost pronounced in stores with low process
conformance (less discipline in process executimhpgoorer adherence to quality standards). Deldarat
and Raman (2007) analyze the relationship betwamntives provided to store managers and monthly
sales and shrinkage across a chain of storeserfaslal. (2007) analyze the drivers of a retaitess
performance and find that inventory availabilitigre associate availability (staffing level), angtomer
satisfaction are key variables in explaining momtmonth variations in sales. Ton (2008) findg tha
increasing labor at a store results in higher conémce quality and service quality, but only therfer
improves profitability. Our study differs from thein several respects. First, rather than stgdyia
impact of the number of employees upon performaneestudy two entirely different aspects of
employee deployment: labor planning and executfdheplan. Second, we possess a wealth of
demographic data that allows us to control for Ipcgulation characteristics. This data allowsais

distill cross-sectional differences among storegkhin our research setting, are much more prooedin



than variation over time. Third, we introduce newtrics that capture the quality of the planningd an
execution processes.

Much academic interest in retail store operaticasfocused on improving the availability of
products on the store shelves rather than on laddated issues. Van Donselaar et al. (2010) fiiadl t
store managers systematically make correctionsitmnwaated order advices either by shifting ordesefr
peak days to non-peak days or by changing order $tmrther, the literature on missing inventorgl an
inventory record inaccuracy in retailing (see Raragal. 2001) finds empirically that, because of
execution failures, customers often do not findghmlucts they seek, even if these products at@rwit
the store. This literature is closely related tio study because (1) it studies retail settingst@amines
the issue of operational failures (both in planramgl execution) and (3) it finds that labor is kbg
driver of phantom stockouts which is a type of agienal failure. Raman et al. (2001) report thatro
65% of the inventory records at a retailer theyligd were inaccurate at the store-SKU level, aatl th
over 16% of in-stock SKUs were reported as stockaditen customers asked for them. This study
reports that such issues arise mainly due to stodedistribution center replenishment processes, po
merchandising, poor inventory management, and émgployee turnover. DeHoratius and Raman (2003)
outline three approaches to the inaccurate invgmablem: preventing and eliminating root causes
(using methods similar to the Ishikawa processisifin-time, or JIT, principles), identifying and
correcting errors through inspection policies, daslt, implementing software solutions that intégthe
source of errors into the inventory managemengesystin a follow-up study, Ton and Raman (2010)
find that greater product variety and higher ineeiess lead to a higher incidence of phantom stotskou
(whereby inventory is in the back room but doesreath the shelf) and lost sales. Corsten andriGrue
(2003) study the root causes of retail inventooglkbuts and point to mechanisms that addressshe is
of stockouts and improve sales. Just like our pageof these studies emphasize the role of dtdyer
in the execution process and they attempt to hhlot deployment to store’s performance.

Empirical studies of execution span other industag well. In service industries, customer-

employee interaction is at least as important astail. Frei and Harker (1999) quantify the



inefficiencies in process execution due to prockessgn in banking services using Data Envelopment
Analysis. Frei et al. (1999) study the impact gigegate process performance and process varg@tion
financial outcome using a sample of 135 bank brasncihey report that process variation negatively
affects financial performance. Studies of executiothe healthcare industry have focused on ojoerat
failures in the execution process (Tucker 2004y@ls as on learning through these failures (Tuclet
Edmondson 2003). Ren and Wang (2006a) empiritiakyprocess consistency and service quality and
Ren and Wang (2006b) further show how service tyuaffects volume at U.S. hospitals. On the other
hand, manufacturing has long been the focus ofystgdexecution in tasks that can be compared teesom
back-office functions in retail (e.g., shelf redting, inventory replenishment) as argued in FigRe04).

In this context the role of process design anda@wonénce has long been debated, and the virtuég of t
Toyota Production System are well documented. Wmedal. (1991) show that Toyota's competitive
advantage arises from a combination of employeévat@ain, training, process designs, and JIT
technigues. Fisher and Ittner (1999) study theaichpf product variety on automotive assembly plant
operations and find that increased option contariability in car assembly has an adverse effect on
plants’ operational performance, which is maniféstehigher total labor hours, overhead hours,
downtime hours, rework, and inventory levels. Maffl@ et al. (1996) find that complexity of parts
persistently impairs productivity. Again, in diletse studies the role of labor is paramount, atthdioth

the planning and the execution processes and assdchallenges differ from our retail setting.

3. Resear ch Hypotheses

Our study is partially theory driven and partiadyploratory: while there is quite a bit of theory
regarding how to forecast demand for labor and twoschedule labor given this forecast (eBgchtold
and Jacobs 1990bhere are very few rigorous studies on labor pteecution (e.g., Fisher et al. 2007) and,
to our knowledge, there are currently no guidelinéh respect to how to evaluate either the plagmin

the execution stages of labor management. Theadestable hypotheses we state below originate



primarily from our knowledge of the industry, dissions with companies’ managers, and industry
reports, but also from extant literature cited lelo

The goal of the workforce/labor management protcesstail organizations is to match demand
for labor with labor supply. On the demand sidguirements for labor come from a wide variety of
processes within the store which include a mixtafractions that can be roughly allocated into what
will call “back-office” and “front-office” tasks.The back-office tasks include inventory unloading a
backroom logistics, restocking shelves, postingemtrprices and signage, cleaning the store and
managing the parking space/external structuregjibggurchases, administrative tasks, etc. That{fro
office tasks include customer interaction througimaging check-out registers, servicing customess in
variety of store departments, and handling custaeruests which may include returns, loyalty progra
guestions, etc. through the customer service deskFisher and Krishnan 2005). Of course, many of
these tasks can cross the line between back-affideront-office: an employee restocking shelveshz
asked a question by a customer and an employeaaraally handles the customer service desk might
be called to unload a truck in cases of labor slgeror inclement weather. Additionally, there are
typically a number of administrative tasks whiclvdéa#o do with planning and managing the workforce,
financial reporting, store audits and inventoryrsiplus interactions with the head office of taeil
chain, and many employees will take part in thask&g from time to time.

When deploying store labor, the retail organizatimst first estimate the demand for labor and
then match this demand with labor supply sincerabortages will impact execution of all tasks. oL
knowledge, there are currently two main method@sdor estimating demand for labor. The first, and
we believe the more common approach, is to foresadss, and then deploy labor in proportion to the
sales forecast. This is the approach describ®¥darkplace Systems (2009) and this is the same appro
that is used by the retailer in our study and engtudy by Fisher et al. (2007). An alternativprapch is
to forecast traffic in the store and allocate laberordingly. This approach is taken to schecabben at
Payless ShoeSource (Kronos 2006) and at Wal-Maah@v12007), among others. After forecasting sales

or traffic, retailers use internally developed sf@mls which dictate how many labor hours need to be



allocated per unit of sales or traffic, while leayisome provisions for store tasks that may not be
associated with either sales or traffic. The keggjion is: which approach is better?

The advantages of the first approach (forecastigs} are evident: sales clearly drive demand
for many tasks in the store, including both badicefand front-office tasks. However, using a sale
forecast to deploy labor suffers from the probléat staffing levels influence sales. As Fishalet
(2007) demonstrate, staffing level drives sale®{irer words, sales are determined in large paitéy
staffing level) and, in fact, sales is a concawedasing function of the staffing level. This fing is
supported by industry reports (Retail Systems Reke2007, Figure 6) which cite sales improvemests a
the key driver of retail workforce management siggtand by Hise et al. (1983), who find that the
number of employees is a variable that has onkeofjiteatest impacts on sales. Although this stigges
seems intuitive, with the exception of Fisher a(2D07), we are not aware of any studies thaahle to
estimate the sales lift from adding an hour of fedowd, based on our interactions with numerousleeta
we do not believe that they go through such exescig hus, it becomes extremely challenging to
forecast sales: if sales are driven by staffinglevany past observations of sales will be deparate
past staffing levels and there are, to our knowdea existing tools that take this issue into
consideration. To make an analogy with inventoanagement, past sales observations might be
censored due to inventory unavailability. Whilerénare sophisticated econometric tools to deél thit
censoring issue in inventory management (e.g., @oahd Mortimer 2009), the same tools do not yet
exist for workforce management, where the problkearguably more difficult because the relationship
between sales and labor does not have a simplédnatform (unlike the relationship between
inventory and sales).

The advantages of the second approach (forecdsdiffig) is that, as we learned from
conversations with numerous retail companies, latmmagement within the store is unlikely to change
traffic in the short term. Of course, in the lalegm, poor labor management may lead to lower custo
satisfaction and, as a result, to lower trafficod¥llikely, though, store traffic is largely deténed by the

store location, customer demographics around tre,shnd possibly by brand reputation of the store



chain itself. Furthermore, demand for labor in gnparts of the store is clearly driven by stordfica
more people in the store require more cashiersefinequent cleaning, more customer-employee
interactions, etc. Consistent with these obsesuatia recent industry benchmarking study (Retail
Systems Research 2007, Figure 21) finds that teiegegforming retail organizations are almost twase
likely to deem foot traffic to be valuable in schiédg workforce as the average retail company does.
Furthermore, a new wave of companies are instaliaffic counters at their stores (Kronos 2006)ioclth
seems to indicate that this practice (although esipe) is becoming more and more accepted anddalue

To finalize our first hypothesis, we discuss thpatalent variable (performance metric). In this
study, we select to focus on basket (average tcinaavalue, since it is likely to be directly afted by
labor within the store because the retail formaitinstudy can be characterized as a relativelyghthi
touch” environment in which employees play a kdg in providing service. This service includes
directly helping customers with a purchase, adgisin the quality and price of a product, substituti
product location, restocking shelves that are ofteptied during the day, ensuring that checkoesslin
are short etc. At the same time, as we describedea store traffic is largely unaffected by labor
decisions within the store, so we cannot use @nasutcome variable. Furthermore, the retail fartmat
we study is such that almost all customers whd thsi store buy something (to be discussed and
demonstrated shortly), so store labor is unlikelgffect conversion of traffic into buyers eithétinally,
average transaction value is one of the most fretjuased metrics to monitor store performance (see
Retail Systems Research 2007, Figure 15). Therebarsket value is the key performance metric of
interest: we postulate that labor mismatches xeddb traffic lead to lack of interactions with toimers,
less frequent shelf restocking, a lower chancéndlirig the product, etc., all of which decreases th
basket value at the store. To summarize, ourHiypbthesis is:
Hypothesis 1. Matching labor to store traffic rather than matching labor to a sales forecast is associated
with higher basket values.

Labor deployment in retail organizations is oftha tesult of a relatively long and complicated

process, and the process of matching labor supitiylabor requirements is separated into two distin
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parts: labor planning and labor execution. Atldi®r planning stage, plans are developed at
headquarters for each store, often using operatesgarch and scientific management techniques.
Typically, such plans begin with forecasting saletraffic at each store using past activity, local
population characteristics, planned sales promstiforecasts of future consumer spending, expected
promotions and competitors’ moves. Then data sk séandards (ringing time, bagging time, stockmoo
time, cleaning time, etc.) are incorporated in® $hhedule using a bottom-up approach. A largastr
of operations research literature (see, for ingaBechtold and Jacobs 1990) focuses on the catwdit
aspects of labor planning. But while some of tiiut data (such as past sales and planned sales
promotions) is quantitative, a lot of other infortina is qualitative in nature and is used in arhad-
manner through managerial judgment and rules ohth(see Retail Systems Research 2009). The
resulting labor plan, which is often detailed wedly store department, is then used to createax lab
budget that is subsequently uploaded into the jptgngystem and is given to the store manager for
execution. During this entire process, the stoaaager has limited input into the plan.

The store manager is given the labor budget ak@dasith implementing it. Normally, the
manager is given discretion regarding how many lestmpemploy provided that the labor budget for the
year is not exceeded. In trying to adhere todhed budget and labor deployment recommendations
from corporate, the store manager faces a numhsstécles: absenteeism, sick leaves, vacations,
inflexibility of employees, turnover (both volunyaand involuntary) and lack of qualified candidates
Furthermore, external factors such as bad wealkéays in inventory delivery to the store, random
disruptions in store operations, etc., may leadktdations from the labor plan. Finally, store agers
may intentionally deviate from the plan if they oiat understand what goes into the plan and if teey
not believe the plan is correct. For example, R8stems Research (2009, page 8) indicates that “
store managers did not believe that a corporate tealerstood what went on in stores well enough to
define either labor standards or the basis forutating labor budgets...” and that “...store managers
spent very little time on the schedule prior toithplementation ... but the impact on employees was

terrible.” Therefore, when implementing this platgre managers often comply with only the mostirig
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constraints (e.g., an overall budget) but migheesally ignore other aspects of labor deployment,
although adherence to the plan may vary dramatidalpending on manager’s preferences and
convictions (Fisher and Krishnan 2005). To ouniealge, next to nothing is known about how well
store managers follow these plans and what areahsequences of these actions.

Clearly, failure to deploy the right amount of lalmsay be due to both failures at the planning
stage (e.g., due to reliance on sales forecastsrritan traffic forecasts) and at the executiagesie.g.,
due to poor adherence to the plan by the store geahaThus, we further subdivide Hypothesis 1 into
two parts:

Hypothesis 2a. Matching the labor plan to traffic is associated with higher basket values.
Hypothesis 2b. Matching labor deployment to the labor plan is associated with higher basket values.

Going deeper into the labor deployment part oftueess, there are typically three types of
employees available to cover demand for labor wfierdoth in skills and in the tasks that they exie.
Full-time employees work a normal work week (40tsdand are entitled to a variety of benefits which
may include paid vacation, medical insurance, amestliscounts, year-end bonuses, etc., and thewesc
significant training. Any time in excess of 40 mis paid at higher overtime rates, but full-time
employees typically have regularly scheduled héeug., 8 AM to 5 PM with a lunch break) that are
relatively constant throughout the year. Theseleyegs are often assigned to perform front-offacsks
since they have certain tenure and skills in tlgawization. Moreover, certain positions within gtere
may require expertise, license and education whétdessitate a full-time employee. Examples of such
positions are pharmacists, in-store health clieispnnel, in-store banking/credit union, etc. B.dther
hand, part-time employees work irregular workingeltgand they might be scheduled by the store
manager in advance or called on the spot. Thendfave very high turnover rates, may hold more tha
one temporary job and receive limited training vétimost no benefits. Thus, part-time employees
usually perform back-office tasks but can alsoquenfcertain front-office tasks (e.g., part-timeliass
are quite common) if necessary. This is espedially during periods of high seasonal demand when

there are simply not enough full-time employeemally, there are also managers and, dependingen t
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store size, there could be one manager for eagh epartment of the store as well as one storagesn
Store managers typically perform a variety of adstiative tasks but they may also become involved i
customer interactions, especially if the problerasealated to them or if the transaction requireiglaer
level of responsibility (e.g., in cases of comptemduct returns or when the customer needs to be
compensated for an inconvenience).

As is evident from the above discussion, diffetgpes of employees perform different tasks
within the store and therefore the store manages dot only have to deploy the right number of ieop
but also the right mix of people. Among the thiadgor types, we can clearly expect that full-time
employees perform the most critical tasks thatotliyeaffect basket value. Given that up to 70% of
buying decisions are made in the store (Workplaste®ns 2009), full-time employees who most often
interact with customers can drive substitution éraby explaining features of products and poigtia
the right product in the store. Of course, theapleyees are more expensive and less flexible phata
time employees, so store managers are unableytomehem exclusively. We would further expecttha
part-time employees interact less with customedstemce do not affect basket values to the sanemtext
Even when a part-time employee replaces a full-&m@loyee in a customer-facing function, we expect
him/her to have less experience and therefore tmbmperfect substitute for a full-time employee.
Thus, we expect part-time labor to have a smaihgraict on basket values. Finally, store managers ar
also unlikely to influence basket value to neahly same extent as full-time employees since theyatr
directly involved in buying decisions. These cdesations lead us to further separate Hypothesks/2b
labor type as follows:

Hypothesis 3. Matching deployment of full-time labor to a labor plan has a stronger association with

basket value than matching deployment of either part-time labor or managers.

4. Data Description and Preliminary Analysis

A large national retail chain provided data foisteiudy under conditions of nondisclosure and

anonymity. Hence, we are unable to disclose ttele€s name, location or retailing segment. Warav
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provided data from stores in two closely locatedropolitan areas. The retailer selected these two
regions because they had been a part of the confpaayong time, they experienced few store opgsin
and closings, and management generally perceived th be relatively advanced in their service dquali
and store execution, whereas some of the othesregiere going through mergers and acquisitions and
were thus less stable. Such store selectionealylio bias our results against finding any misthascin
labor deployment. For the two regions, we inijiddhd observations for 311 stores over two yeaes (w
later added an additional preceding year of datketelop forecasts and verify the robustness of our
results). However, a few stores went through olpsiand openings and did not have sufficient aata t
develop forecasts. Further, a number of storesttiasing and inconsistent data, especially dataloor
planning which was obtained from a separate databAs a result, we decided to drop a number of
stores from the data, resulting in a dataset of<28fes. The retailer divides each year into 4&i
months, each containing 4 calendar weeks (in the ofia 53-week year, the™@onth can have 5
weeks). The top two panels in Table 1 summarigedtita that we obtained. We use subsctiptenote
each store, and we use subsdriginging from 1 to 26 to denote each fiscal month.

SALES; is the revenue in U.S. dollars during the fiscahth. While sales averaged about
$1.48M per month per store, there was considerabkes-sectional variation (between $296K and
$4.4M) because stores differed in size and locatiaditionally, the retailer tracked
TRANSACTIONS;, which measures the number of customer transactegorded at the checkout
counters of the store, and the BASKET_VALU®nhich is the value of each transaction. On awerag
store in a given month had 66,240 transactionsadmakket value of $22.30. For reasons that adeevi
from our hypotheses, we developed a simple proeetduiorecast store transactions at a monthly lasel
follows. First the data were seasonally adjudiieely forecasts were generated for the seasonglligtad
data via linear exponential smoothing; and fintétly seasonally adjusted forecasts were "re-
seasonalized" to obtain forecasts for the orighesiles. We used an additional year of data on
transactions to generate the forecast but since wider variables were not available for this extar,

we used it only for constructing the forecast. sTiocedure was applied to obtain a forecast, édrmt
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TXN_FCAST;. Clearly, any conclusions drawn from this foré@as conservative since the retailer
would possess additional data (such as changesahdompetition, religious composition of the
population etc.) to build a much more precise fastc

PLAN_HOURS is the total number of employee hours budgetea f&tore in a given month.
The plan was created by the corporate office irh\steps. First, the corporate office forecastdds
at the retail location (PLAN_SALE¥$based on past sales and other information. dhgocate office
recommended the number of labor hours to the mandge defined activities such as unloading akruc
labor hours were computed based on the level ofigote.g. how many trucks would need to be
unloaded next month at a given store) combined tiitie and motion” industrial engineering studies t
measure the labor time required to perform theviégti To this calculation was added an allowarme f
general customer interaction that was computeddesiaed percentage of forecasted sales. The store
manager could then suggest changes based on Hatakinformation to a limited extent. The manage
could deviate from the prescribed staffing levelaag) as monthly deviations balanced out within the
year.

EE_EARNS is the total wages (including benefits) paid to4moanagerial employees in a given
month. As a fraction of average SALEEE_EARNS amounts to between 11% and 14%, which is
quite typical in retailing. MGR_EARNSIescribes the total wages paid to managerial grapkin a
given month, and it varies between 1.6% and 3%AbES;.

Employees at this retailer are divided into futhéi and part-time workers. Full-time employees
receive bonuses and additional healthcare benefitsieas part-time employees do not. We obtained
data on full-time employee equivalents (i.e., thenber of hours worked by full-time employees didide
by 40) as designated by FT_jE@veraging about 20 per month per store) andtjpaet-employee
equivalents (i.e., number of hours worked by panetemployees divided by 20) as designated by
PT_EE (averaging about 65 per month per store). Anagestore in an average month had 5.27 full-
time managers (FT_MGJR To control product availability, store manageosducted internal audits to

count the number of SKUs that were out of stock given month (i.e., not on the shelves when weekly
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shelf inventory audits were conducted). The nundb@ut-of-stock items is captured by the variable
STORE_AUDIT;, which varied between 48.75 and 363.75 in a gimenth.

We also obtained several store characteristicadidatot vary over time. First, there is a dummy
DIV_1; which indicates that the store is located in tieropolitan area 1 out of the two areas covered by
our data. Store selling space (SQRF&nged from a minimum of 11,096 fo a maximum of 98,056t
with an average of 47,054 fland the company varied product assortment (SKUSQdepending on
store size. The assortment was set by the copoffite and did not vary over time. SKUCOUNT
averaged 38,387 products and ranged from a miniofu2,012 products to a maximum of 49,081.

We also obtained extensive demographic data fremdtailer on the population within a two-
mile radius of each store. This data utilized W C8nsus information compiled by the retailer juefobe
the initial date of our study. HOUSEHOLBenotes the number of households in the area dmeach
store, which ranged from 7 to 61,389, with a mefat2¢685, indicating that some stores were located
densely populated urban areas while others wet@aphp located in rural strip malls. Further dgsts
available to us were the average household siz&5(ANH_SIZE), which averaged 2.49 persons, and the
percentage of households with no children (HH_NOQ@H), which averaged 68.1%. MED_AGE
reflects the median age of the population, whick @ayears. We also obtained several descripfors o
the racial makeup of the population as capturethbéyelf-explanatory variables WHITBLACK;,
AMER_IND;, ASIAN;, HISPANIG, and OTHERto measure representation of each racial group in
percentages. MED_HH_IN@nd PER_CAP_INCapture, correspondingly, median household income
($50,863 on average) and per capita income ($24iA &erage). Finally, we obtained five variables
indicating education levels: GRADE_SCHOQHS, HS_GRAD, COLLEGE and COLLEGE_GRAD
which capture, correspondingly, the percentag@epbpulation with the highest education levehef t
grade school, some high school, high school graduabme college, or college graduates.

Table 2 shows correlations among customer demoigraphables, some of which exhibit strong
correlations. For example, r(AVG_HH_SIZE, HH_NOCHBIL= -.91, which is expected; smaller

households are also less likely to have childreo.mitigate possible multicollinearity problems amgo
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the 17 demographic variables, we attempted to eethe dimensionality using principal componentg (se
Lattin et al. 2003 for an example of such an apghoa a study that also uses demographic data) and
step-wise regressions (see Maddala 2001) of vasgdblour model. The first approach yielded 14
significant principal components that explainedyof$% of the variation in the demographic variables
Thus, we did not utilize the principal componemtglace of the original demographic variables.pSte
wise regression results (not reported here) wensistent with the results of the full-fledged esttian

that included all variables. In the end, we coragWIF (variance inflation factors) and excluded
variables that had VIF>10 including HH_NOCHILD, WH, OTHER, MED_HH_INCOME,
GRADE_SCHOOL, COLLEGE_GRAD so we report most resulith the remaining 11 demographic
variables.

We further discovered that FT_EE, FT_MGR, and PTwEkEe essentially linear transformations
of EE_EARNS and MGR_EARNS, because pay rates f@l@yaes and managers were almost identical
among stores, so they could not be used simultaheo8ince labor supply is better reflected in the
number of employees rather than in their salaviesfocus on the first three variables in the réshe
paper. Table 3 shows the correlations among lodigial variables. Note that TRANSACTIONS and
BASKET_VALUE are essentially uncorrelated (r = .,02dicating that the number of customers going
through the store is unrelated to the amount othaardise that each buys. Furthermore, EE_EARNS are
highly correlated with SALES (r = .92), which isitgunatural because staffing was done using sales
forecasts. Finally, it appears that both PLAN_SA&lL&hd TXN_FCAST provide quite accurate forecasts

of SALES and TXN, correspondingly (r=.99 in botlses).

5. Econometric Specification

Since we had in our possession several longitudimadhbles, we could potentially conduct a
classical panel data analysis (Kennedy 2003) usiadixed effects model. However, fixed effects
models exclude variables that do not vary over tiamel hence are not appropriate in situations iichvh

such variables explain a significant proportiorvafiation in the data. To check the feasibilityttod

17



panel analysis approach, we first ran a simpladfigffects panel model with dummies for each month
and store fixed effects while using monthly satesefach store as the dependent variable. Results
(omitted) indicated that 95% of variation in SALBS:ross-sectional (explained by store fixed effect
while only 5% of variation is longitudinal. In a@hwords, variations in sales over time are minimal
relative to variations in sales from store to stofe verify this observation, we analyzed moreselyg the
cross-sectional and time-series components of A&<ET VALUE and TRANSACTIONS. Using a
simple forecasting time-series model with lineantt and multiplicative seasonality factors, wenested
Forecasted BASKET_VALUE and then calculated preditity for the BASKET_VALUE using the
following formula:

13
> |BASKET_VALUE, - Forecasted BASKET_VALUE
1_ t=1 .

13
> |BASKET_VALUE, |
t=1

We found that the average predictability for aestorour data set is 95.3%, indicating that
within-store variations in BASKET_VALUE were easijtyedictable. Furthermore, we found that the
average BASKET_VALUE explained 94% of the variatiorthe data set. In other words, the “between-
store variation” in BASKET_VALUE overshadowed thgithin-store variation”. We conducted similar
analysis for TRANSACTIONS and found that seasopalitd time trends explained an even higher
proportion of within-store variation in transact®onThis finding is consistent with the industrgsent
in which this retailer is competing: the produattdsare well-established, satisfying basic needkraot
subject to fashion or other highly uncertain influaes over time. Furthermore, since we only had a
handful of independent longitudinal variables, teeplained only a very small proportion of longital
variation in sales (Rin single digits). We therefore concluded thithaugh typically there are
advantages to conducting a longitudinal study aveross-sectional study, our data is such tha¢ tiser
little economic significance to be gained from thessical panel data analysis.

To test our hypotheses it is necessary to opemdizEnthe alignment (or the mismatch) between

store traffic and planned payroll as well as betwglanned and actual labor deployment. Therevese t
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components to the alignment in question: thera ialignment on average and there is an alignment of
deviations (i.e., how well increases/decreases@nariable are aligned with increases/decreast® of
other variable). It is difficult to measure thégaiment in averages in our setting since we ddknotv,

for example, how many employees are necessarywir dg000,000 customers going though the store.
To address this issue we controlled for the absdtatffing level, as will be explained shortly, lout

main focus is on monthly deviations: since storeaggrs in our data adhered to the annual laborgiudg
quite closely, their discretion was mainly over himvallocate the labor budget from month to month.

It is challenging to operationalize the alignmeatvween deviations: while we have data on
planned and actual labor deployment, we do not Hareet data on store traffic. In general, obtagni
such data would require the installation of traffaminters, but this particular retailer did noté&auch
equipment available. However, the retail formattfds company is such that few customers visited a
store and left without buying anything. This wadeépendently confirmed by the company’s
management who indicated to us that the averadebasntained 15 items, making it highly unlikely
that a customer would visit a store for a singledpict and leave empty-handed. Furthermore, the
average number of SKUs which are out of stock yr@able STORE_AUDIT) is 139 in our data, while
the average number of SKUs is 38,387 (variable SAUNT, see Table 1). Together, this leads to the
average 0.3% out-of-stock chance (maximum 0.7%o6steckf. Thus, even if all customers were to
come just for one item, our proxy for store traffiould be 99.7% accurate. Moreover, for an average
customer the odds that their entire basket ofdrBstis stocked out is (0'331.4x10%. Finally, the
number of transactions might be an even better mnea traffic than what traffic counters would
compute because often an entire family would camshbp, thus inflating the store traffic figure Inat
necessarily affecting the number of customersribatled the attention of employees. Thus, we use

TRANSACTIONS as a proxy for store traffic.

2 In this sense, our transaction data is a muclebptoxy for traffic than, for example, data intiés et al. (2007)
because in their setting many customers might doma single item, and also because their stockatetis much
higher.
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We are not aware of any studies that offer guidamcefining the mismatches we seek to
guantify and therefore we propose to calculateat®ri mismatches as proportional to correlation
between two time series of corresponding variabkes. this purpose, we define 9 different mismasche
e.g.,

TXNvsPLAN_HOURS=1-r(TXN, PLAN_HOURS)
denotes the mismatch between 23 monthly obsengtibthe transactions and the labor plan. Other
mismatch variables are listed in the third panelale 1. We note that TOTAL_EE denotes the total
number of full-time employee equivalents deployetha store; names of other variables are self-
explanatory. As a robustness check, we attempgtesral different ways to calculate the same
mismatches, which are reported in Section 7.

The advantage of these definitions is that theyteisgoral deviations but convert them into a
single number to enable cross-sectional analydigls, while our subsequent analysis is cross-setio
we use longitudinal data to create mismatch vagmbAnother advantage of our definitions is that w
accommodate variables measured in different ueits,(hours vs. number of employees). Further,
mismatches that we define do not depend on whétkestore is, on average, understaffed or oveestaff
(for which we control separately): since we caltailzorrelations between two time series, average
staffing levels do not play a role. We believet tiiés is an advantage. For example, if the ptarohe
store systematically adjusts the staffing levetlop/n for a good reason (e.g., local competition), a
absolute mismatch measure would say that the atawgys has a mismatch, which may not be reflective
of suboptimal actions. On the other hand, it isllia envision a justification for lowering the fitag
level when traffic increases, or vice versa, sahigk our mismatch variables accurately measure the
quality of staffing plans.

We note that mismatch variables similar in spiri fiequently used in organizational behavior
studies under the name “difference scores” (sgg, Bsak and Smith 1994, Edwards 2001). Among the
most frequently used difference scores for twoaldeis are: the algebraic difference, the absolute

difference, the squared difference, the sum of labsdifferences, the sum of squared differendes, t
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square root of squared differences, and the cdioalaWhile the first three difference scores sirapler,
they are often criticized for not measuring thedision and shape of the dispersion, as they @ptly
the level differences (Tisak and Smith 1994, Edwa&@01) and furthermore, they confuse the
mismatches on average and deviation mismatchdser @tore complex scores are based on algebraic
differences which presupposes that the two varsadte measured in the same units, which is nofitrue
our case (e.g., traffic and labor plan are in défe units). Finally, measuring the mismatch imey

other than correlation makes it hard to intergnetresults because such a mismatch does not have a
natural scale, whereas our proposed mismatch iisedkin the interval of [0, 2] enabling easy
comparisons across stores. We note also that,drorare general point of view, our mismatch vagabl
measure fit between two constructs similar to Vérskaan (1989). However, existing measures of fit
focus on static constructs, while our metric ofditlynamic (longitudinal), and developing anditest
dynamic metrics of fit “...is recognized as a promgsarea of research . Venkatraman (1989).

One issue with our proposed operationalization isfmatches is that they are equally affected by
positive and negative deviations (e.qg., by ovefisgfand understaffing). While understaffing shbul
clearly be detrimental to basket value, overstgffinless likely to have the same effect. We note,
however, that in our data store managers quiteki@lhere to the annual budget, so overstaffiranin
given month leads to understaffing in another morithus, in this sense, positive deviations are as
detrimental as negative deviations. Finally, tatoal for the average labor level, we divide thi&ko
number of employee equivalents by the number ofaetions (in 1,000,000s), since our hypotheses
focus on the mismatch between the number of empfogad the number of transactions and we obtain
variable TOTAL_EE_PER_TXN.

Table 4 shows correlations among resulting crostesel variables. Naturally, several of the
mismatch variables are strongly correlated, so wkensure that they are never included in the same
regression. The single remaining concern heres&nastrong correlation between SQFT and
SKUCOUNT, indicating that product variety in therd is tailored to store size (r =.79), an obsina

independently confirmed by company management.thereminder of the paper we scale product
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variety by the square footage of the store (SKUCOURER_SQFT) and we use it along with SQFT in
the regressions.

We follow extant literature and utilize all othearables available to us as controls. For example,
broader assortments of products are known to isersales (Kok and Fisher 2007), and there is vast
literature on the impact of product variety on agners’ basket values (e.g., Kahn 1995 and citations
therein). Hence, we control for product varieRurthermore, Ackerman and Tellis (2001) provide
evidence of socioeconomic and cultural factorsciifig the choice of products and the shopping
behavior of customers, justifying our control faistomer demographics. Following previous studfes o
retail execution (Fisher et al. 2007), inventorgiability is another relevant variable to consider
However, inventory availability itself is probaldyiven by labor policies so it might be co-deteratn
with basket value. Unfortunately, we have no insients to account for the effect of STORE_AUDIT
using, for example, IV estimation. We attemptethtbude STORE_AUDIT as simply an independent
variable and it was never significant, probablysaese the number of stockouts was very small in our
sample. Thus, we exclude it from the main regogsbit utilize it later to verify our results. Videgin
with Model 1, which simply relates the total misgtabetween transactions and total labor to test our

first hypothesis:

BAKET _VALUE = a, +a,TXNvsTOTAL _EE +¢ . Model 1
Next, we separate the total mismatch into the planmismatch and the execution mismatch to test
Hypotheses 2a and 2b:

BASKET _VALUE = a, +a,TXNvsPLAN _HOURS
+0,TOTAL _ EEvsPLAN _HOURS +¢ .

Model 2

Next, we separate the execution mismatch into ntigmea for full-time labor, part-time labor and

managers to test Hypothesis 3:
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BASKET _VALUE = a, +a,TXNvsPLAN _HOURS
+a,FT _EEvsPLAN _HOURS
+0a,FT_MGRVSPLAN _HOURS
+0a,PT_EEVSPLAN _HOURS +£ .

Model 3

We further include all available controls in ouxhspecification to ensure that our results are not
explained away by the control variables:
BAKET _VALUE = a, + a,TXNvsPLAN _ HOURS
+a,FT _EEvsPLAN _ HOURS
+a,FT _MGRvsPLAN _ HOURS
+ a,PT _EEVPLAN _HOURS
+a,TOTAL EE PER TXN
+ asSKUCOUNT _PER_SQFT.
+a,QFT, +a,DIV _1 Model 4
+a,HOUSEHOLD, + a,,AVG_HH _SZE
+a,,MED _ AGE, +a,,BLACK
+a,,AMER_IND, +a,,ASAN,
+a, HISPANIC +a,,PER CAP INC
+a;HS + a0, HS GRAD,
#,,COLLEGE, + .
Finally, we also estimate Model 5, which excludesmatch variables but includes all control variable
to ensure that our main Model 4 is robust (e.geffaents do not jump around in sign, size or

significance). We note that in all these specifioes we retain the names of variables, althoughdtld

be understood that longitudinal variables denatentieans of corresponding variables.

6. Results

We summarize the results of OLS estimation foritiear model in Table 5. Starting with Model

1, we see that the mismatch between store traffictiae total number of employees is significarthat
5% level and in the right directioa£-1.585), indicating that larger mismatches areciated with lower

basket values, rendering support for HypothesiMayving on to Model 2, after separating the total
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mismatch into the planning mismatch and the exenutiismatch, we observe that the planning
mismatch is significant at the 1% leva(3.097) but the execution mismatch is not sigaifig thus
rendering support for Hypothesis 2a but not Hypsith&b. We further proceed to separate the exatuti
mismatch by labor type in Model 3 and we obsereg tte planning mismatch is still highly signifi¢an
(a=-3.132) and the execution mismatch for full-timabdr is significant as well at the 10% levet(
1.207), while execution mismatches for part-tim#laand for managers are insignificant. Thus,
Hypothesis 3 is supported. The four mismatch éemexplain about 6.5% of variation (adjusté}liR
basket value.

We continue with Model 4 where we include all tloatrol variables and we observe that the
planning mismatch and the execution mismatch fiitifme labor are still significant but the sizektbe
coefficients decrease£-1.624 andx=-.769, correspondingly). Among the control valégbve see that
the absolute level of labor (TOTAL _EE_PER_TXN) ighly significant =.014), indicating that adding
labor per transaction is beneficial (in terms ask& value), and this benefit is above and beybad t
separate benefit of matching deviations in labdh&odeviations in traffic. Not surprisingly, irasing
product variety (SKUCOUNT_PER_SQFT) appears todreebhcial 6=6.633) and larger stores (SQFT)
have larger basket valuas<000) even after controlling for the number of SKid the store.
Demographically, stores located in the metropolégeea 1 have larger basket valae1.403) than stores
in the area 2, while a larger number of househ@3USEHOLD) is associated with lower basket values
(0=-.000). This second result might reflect thattooeers in densely populated areas tend to buyoless
a single trip due to less storage space in homasger percentage of foot traffic, a propensitgad out
more, or other factors. Continuing with the denagdpic variables, higher median age={.087), higher
proportion of American Indian®1€£6.884), lower proportion of Asian populatian=-15.911) and
Hispanics §=-4.662), higher per capita incone=000) and lower proportion of college-education
population ¢=-14.212) are all associated with larger baskatesl The result related to per capita

income is expected. Further, the Hispanic popariais known to shop three times more often reldtive
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other ethnic groups in the U.S. and therefore Higsamay buy less per visit (see Food Market Intit
study, 1998). We do not have very good theoriganding other demographic variables. We note that
Model 4 explains about 67% of variations in baskdtie and provides a better fit than the threeipresy
models.

Although our results indicate that execution migrhas for full-time labor are significant and
execution mismatches for part-time labor are nas, mot immediately obvious from our analysis why
this happens. In Section 3 we advanced two pasegialsons for this observation: part-time labor
performs back-office tasks which may not be disertlated to store traffic and even when part-time
labor does perform front-office tasks, it providelwer quality of service. While we cannot tdwde
explanations directly, there are two indirect télség we can perform. One simple test is to use th
number of out-of-stocks as a dependent variabteesshelf replenishment is largely performed by-par
time labor, we expect it to be more impactful upoi-of-stocks than full-time labor. We run anasysi
which is identical to Model 4 but with STORE_AUD&E a dependent variable and we indeed find that
the execution mismatch for part-time labor is hygtignificant 6i=-14.54, p=.015) while other
mismatches are not significant. Another test aanded to verify that part-time labor is indeedduse
substitute for full-time labor. In this test,, wee a simple panel analysis with store fixed effactd
dummies for each fiscal month. We use FT_EE apamtent variable and PT_EE as an independent
variable and we find that the coefficient for ptme labor is negativenE -.016) and highly significant
(p=.000). Another indirect confirmation of thietry is that execution mismatches for full-timedab
and part-time labor are larger on average thanutixecmismatches for total labor (Table 1). THus i
indeed appears that part-time labor is used abstittte for full-time labor: increases in part-tiabor
are associated with decreases in full-time labdnace versa. We conclude that both of these tsts
consistent with our theoretical predictions and bthesis 3.

To ensure that the results of our regression aldestind consistent, we verified them in Model 5

using only control variables. We observed thasizigns and significances of all coefficients are
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preserved. We further conducted a number of distimtests on our main Model 4. First, we checked
for multi-collinearity by calculating variance iation factors. The average VIF is around 3 and the
highest VIF is below 8, which is considered acceletédkennedy 2003). Second, we assessed the bveral
model fit visually by plotting predicted BASKET_VAIE against actual observations and did not
encounter any outliers or other irregularities. &l used the Ramsey RESET test to check for eanitt
variables and it supported our model specificaf0.18). Next, we checked for heteroskedasticity
visually (the residuals plot did not indicate asgues) and then using the Breusch-Pagan test aid ag
did not find any support for it (p=0.23). Neveldss, we re-ran all models using robust standaoaser
and our results remained unchanged. We furthegdeesiduals of the regression both visually asidgu
the Kolmogorov-Smirnov test which could not rejcrmality. To check for outliers, we computed
standardized residuals and the smallest residumat8va4 and the largest residual was 2.79, which is
within the recommended bounds of [-3.5, 3.5] (Ketyn2003). Finally, we analyzed the leverage plot
and did not find any observations which had bothhéverage and large normalized squared residuals.

We therefore concluded that our model passesealtiissical diagnostic tests.

7. Robustness

We attempted a number of robustness checks in twaersure that our metrics of mismatches
are indeed valuable and that our hypotheses testoavincing. First and foremost, we attempted
several alternative ways of calculating mismatcha&& tried calculating mismatches for each year of
data separately rather than for two years of datal&aneously. This results in twice as many
observations (two for each store) and even if wstel standard errors by store, we obtain stronger
results. We also added together two years ofatadecalculated correlations among the resulting 13
observations (this is similar to calculating seasaoefficients). This approach again yielded rsfer
results for the planning and full-time labor exématmismatches (in terms of both significance ard s
of coefficients). We also tried to de-trend a# tifata (both within each year and for a two-yesndyj,

then to calculate seasonal factors for each timessand finally to calculate mismatches amongaeas
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factors. The results of this analysis were agaaditatively similar to those reported in the pagmth in
size of coefficients and in significance. We othise results for space considerations.

Next, we tried alternative model specificationse Wtempted a semi-log specification in which
all dependent and all or some independent varigbbaept for variables that are in relative terarg)
logged. Logarithmic specification is often advaygieus when there is significant skewness in vasabl
(see Maddala 2001), as is the case with some ofariables. However, both the goodness of fit ted
regression results with the semi-log models rentaiqmelitatively similar, so we do not report theerd
We also attempted to add non-linear terms to saariables. For instance, Fisher et al. (2007) fived
concave increasing relationship between labor lemdlsales, so we added to the regression a squared
variable TOTAL_EE_PER_TXN. Although its sign wasgative and significant (which is consistent
with concavity), we ultimately decided to remove&sthariable because it caused collinearity (higg)VI
We also attempted to include a squared term foSH@COUNT variable, but it was insignificant and
other results did not change.

We further attempted to include all demographidaldes into the regression. As mentioned
earlier, this resulted in multi-collinearity witlxteemely high individual VIFs (in the millions).
Nevertheless, this did not significantly affect tlefficients of the mismatched variables althosgime
coefficients of control variables were affectede Wso attempted to include interaction terms &xkh
whether the combination of planning and executitsnmtches has an even greater impact upon basket
value, but there were no statistically significeagults. Finally, we tried re-running Models 1 @hdith
all the control variables and obtained similar hssu

An argument can be made that all mismatches shmutdiculated against transaction forecasts
rather than against transactions themselves. Wreftire used the forecast of transactions in Mdglels
and 7 (Table 6). In Model 6, we replace the plagmhismatch with the mismatch between transaction

forecast (TXN_FCAST) and labor plan and we obsémaéthe coefficient decreases in siae{1.624 in

Model 4 vs.a=-1.262 in Model 6) and significance (p=.01 in Mbdess. p=.027 in Model 6), both of
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which are expected. We also consider another lgiissione may argue that in addition to plannantd
execution mismatches, there is also a forecastismatch that could measure deviations of the fateca
from actual transactions. We introduce this mism&TXN_FCASTvsTXN) in Model 7 in addition to
all other mismatches and control variables, andimgethat it is insignificant while other resultsea
largely unaffected. This is hardly surprising givkat the forecast of transactions is extremetyieate,
as noted earlier. Further evidence of this explanas that the forecasting mismatch is the smia(&47
on average, Table 1) of all mismatches.

While our models so far demonstrate that deplojabgr based on transactions is associated with
larger basket values relative to the retailer'senirmethodology of deploying labor based on sales,
argument can be made that, perhaps this retaligdyts plan can simply be better aligned with sales
(rather than with transactions). We consider supbssibility in Models 8 and 9, where we include t
planning mismatch between sales and labor (PLAN B2ISPLAN_HOURS) individually and along
with the execution mismatchiesin either case, the mismatch against salesigrificant while other
results are largely unaffected. We thus do nat finy evidence that planning labor better agaaissds
associated with larger basket values. Again,ishierhaps unsurprising given that the correlation
between sales forecast and labor plan is very (lighle 3) and further, that the above mismatchuiteq
small (0.27 on average, Table 1) relative to othismatches. So it appears that although the eeiail
guite successful in both forecasting sales anchptgriabor against them, this process can nevexthel

be improved.
8. Implications and Discussion
8.1. Managerial and theoretical implications

Our results suggest that the old adage of havimg fight product at the right time and place”

could be true of employees as well. While previlitesature has found it important to hire the pop

% We note here that there is a conceptual probleimmeasuring mismatches relative to sales. Siales sire a
function of basket value, we have basket value apg on the left and the right sides of the regi@s Thus, any
relationship we might find between the mismatchireggasales and basket value may be due to the matiel
relationship between the two variables. Howevieceswe do not find any relationship, this issumizot.
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number of employees (Fisher et al. 2007, Hise.€t%3) and to train them better (Fisher et al.720®n
2008), our current work makes the point that stgffevels should be aligned with store traffic. &dh
store traffic increases, the number of employedecnsr contact points goes up and therefore more
employees are needed to attend to both front-offimeback-office functions. Currently, the retaile
studied uses sales rather than traffic to deterstaifing levels in its stores. We argue that thay not
be the best way to plan labor. Staffing policifed sales (they may also affect traffic over agdime
horizon, but it is unlikely that poor store exeountiwould cause observable changes in store traificn
a week or even a month) and this endogeneity makiifficult to use sales to determine correct fiaf
levels, while traffic in our setting does not suffeom the same problem. There also appears tmbe
correlation between the ability to plan and thditgttio execute better. The reason might be thiot
planning is largely driven by the corporate offased execution practices are largely driven by thees
manager’'s experience and biases (see Fisher aglanén 2005). Our results suggest that closer
interaction between the store manager and corporaiet be beneficial to overcome these problems.

If we believe that the mismatches affect baskaiejalve can estimate the potential effect of
improving store labor planning and execution. diud be unlikely that a retail chain could complgte
eliminate planning mismatch, but even through reduthe current mismatch levels by half, we estemat
the sales lift to be (based on Model 6 which usescoude forecast of transactions and all control
variables) 1.4 % of the current chain level of salehich is a very large number for the retail isity in
general and for this retail chain in particulardpthe time period surrounding our study, the chain
reported approximately 3% comparable store Satesease per year). From a practical point ofwyié
appears that improving labor planning requires emitching from forecasting sales to forecasting
traffic, which should be relatively straightforwatado.

Likewise, by reducing the current mismatch leveldalf, we estimate the sales lift to be 1.7 %

of the current chain-wide sales. However, it icimharder to advise on specific policies that gedy to

*Comparable store sales growth is a measurememodfigtivity in revenue used to compare the salestail
stores that have been open for a year or more.
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improve store labor execution because there amigahissues associated with managing the seasonal
hiring of full-time employees, the most compellimge being compliance with labor union contracts
concerning tenure of employment for full-time enygles (because much of this retailer’s store labor i
unionized). Many retailers operate under signifigaressure from labor practices groups, which puts
pressure on store managers to be attentive towhat Utilization levels within the store. The nete
backlash against Wal-Mart's attempt to make lalmoore flexible” illustrates this point (Maher 2007).
However, given the estimation of this sales lifinight be advisable to offer full-time employeesne
incentives to work more flexible hours, for examp{@ur results also caution against the practice of

substituting part-time labor for full-time labor.

8.2. Limitations

Given our data, we cannot claim a causal mechawiseneby reducing the mismatch in payroll
planning and execution will definitely result inghier basket values: we can only demonstrate the
negative association between the mismatch and beskre. One may argue that, perhaps, the company
allocated the best store managers to better perigratores but company executives did not suppmt s
a suggestion. It is quite difficult to imagine seather reverse causal effect (that is, that Idogsket
value drives mismatches), whereas it is quite jideishat mismatches can affect basket value. M a
possess a reasonable number of control variatdésita likely to capture most of the relevant sesiraf
variation, although, as in any other study, therahivays a possibility of the omitted variable bi&or
instance, previous research has shown that masaggerience, employee turnover, employee training,
and incentives are significant drivers of retaiffpamance. While we do not possess such data, we
believe that employee training and incentives afikely to affect our results since these were amif
across the entire chain. But certainly manageegspce and employee turnover might be able toadxpl
execution mismatches. In our data set there wigsnainiscule turnover among store managers (about
0.7% per year) so for the vast majority of storesrmanager was the same for the duration of odystu

Unfortunately, the company was unable to providaitdsl data on store managers and therefore we were
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unable to analyze in depth which traits of managake them better/worse executers. Since theajoal
our study was to relate mismatches to store pedno®, we do not see this as a serious limitation.
However, explaining mismatches remains a fruitfcéction for future research.

As in many other empirical studies, our modelingichs and variable definitions are sometimes
driven by the data availability and hence someursfresults might have alternative explanations weat
are unable to rule out. For example, one can ingatfiat some of the mismatches could be “good”
because the store manager uses the latest informatincrease/decrease staffing levels relatiiado
plan. An alternative way to interpret our resigtso say that the central plan in our case isbéfan
any local plan so centralization of decisions iseior to decentralized decision-making for ouailet.
We attempted to obtain vital data for store marmged employees, including their personnel records
that would indicate the reason for employee tertron&temporary layoff to differentiate between
voluntary and involuntary mismatches. Howevertldai data was in hard-copy format and codingdt di
not appear feasible. Moreover, there were priarncerns. Further, one can argue that positive
deviations from the plan (i.e., exceeding the pkuld not have the same impact on performance as
negative deviations. We acknowledge this possjbiliis possible that negative deviations frora tHan
affect basket value much more than positive deviati For example, if one believes that the ratatiip
between basket value and store labor is concavedsing (which is a reasonable assumption), then
positive deviations from the payroll are inheremdys impactful than negative deviations. Unfoatety,
testing this hypothesis would require panel datdyasis which, as we indicated earlier, is not felesin
our case; unlike Fisher et al. (2007), for exampie,do not possess a sufficient number of longitaldi
variables to achieve any reasonable explanatorgpawnd to control for a variety of longitudinal ets.
We did attempt to look at positive vs. negativeidiéeons between seasonal coefficients for each time
series. Unfortunately, the sum of positive dewiadiis equal to the sum of negative deviationsyesdlid
not obtain necessary variation.

Finally, our measures of execution mismatches nibghindicative of the general “quality” of the

store manager: deviations from the plan, for exampight be symptoms of larger problems
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(incompetence, lack of training or experience,)ettiich affect other aspects of the retail storerafions
not directly related to store labor. We acknowketlzat our data does not allow us to distill thesaes
from one another — perhaps this would become ples§ithe company conducted customer surveys
which might indicate specific aspects of servicershll within the store. One specific test that did
perform is regressing STORE.AUDIT against mismatatiables. The only significant (and negative)
mismatch was the part-time labor execution mismetcich makes sense to us: as we described earlier,
part-time labor often takes care of the back-offigections in the store such as stocking storevelsel
Although we have no evidence to support this the@eynevertheless acknowledge that our mismatch

variables might be partially capturing the ovecaihlity of the store manager.

8.3. Summary

To summarize, our results once again suggest tinoaint importance of store labor in the
financial success of a retailer. Fisher et al0fd@emonstrate that it is important to staff séore
adequately with knowledgeable employees. In theeatipaper we go further by demonstrating that
performance can be further improved by matchinfiistalevels with store traffic, which is something
that a new wave of software products attempts tMither 2007). Our analysis suggests that a §iffles
of 1.4% can be achieved by modest improvementie tabor planning. However, we believe that our
analysis is quite conservative and is likely to enedtimate potential improvements: while we only
possess monthly data, current best practices sutjgesraffic should be matched with labor in Hgur
even shorter time intervals. This makes greatesemas: depending on store location and product
profile, different stores will experience increaseadfic at different points of time throughout ttay.
The management of the company we have been wowkthgalso commented that, ideally, scheduling
should be separated by department within the stokgell. We believe that, if such data becomes
available, it is likely to show that even highelesdifts can be realized. Additionally, we demiate the
importance of the execution of the planned fulldilabor deployment schedule. Our results suggasath

1.7% sales lift can be realized by modestly impngwxecution. It remains to be studied what sfecif
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actions the store manager can take with respehis@bservation and what these actions’ true impac
will be. Given that, according to the manageménhe company, stores in our study were well-rtiig i
likely that potential improvements for the restlod chain would be even higher. Our other restitsv
that customer demographics play an important roldetermining the financial success of a storees€h
results raise the interesting possibility of tdigrproduct assortments to local customer demoggaph
and store location; see Fisher and Vaidyanathad8(0r a related approach. Our results on custome

demographics could also be used to guide the eefaikchoosing store locations.
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Table1l: Summary statistics and variable description

Variable | Min | Median | Average | Max | Description

Panel 1. Operational and financial data (longitudinal monthly statistics)
SALES 296,114 1,425,818 1,484,387 4,405,400 Rewiiue
TXN 14,121 64,612 66,240 164,327 Number of trarnieast #
TXN_FCAST 14,236 64,328 66,197 167,2P5 Forecastedber of transactions, #
BASKET_VALUE 10.20 22.20 22.3 35[L Average monpgr by a customer per visit, $
PLAN_SALES 294,500 1,375,989 1,436,216 4,293,500reé¢ast of sales, $ used for labor planning
PLAN_ HOURS 1,231 9,070 9,610 26,570 Number of btethjéabor hours, hours
EE_EARNS 27,544 173,279 182,204 521,184 Employgmpa$
MGR_EARNS 4,812 29,848 29,320 67,061 Manager physol
FT_EE 2.00 20.0( 20.5p 116.00 Full-time Employdes,
FT_MGR 1.00 5.00 5.27 20.00 Full-time Managers, #
PT _EE 4.00 61.0( 65.76 188.00 Part-time Employges,
STORE_AUDIT 48.75 131.2% 139.15 363.f5 SKUs owttotk identified during audit, #

Panel 2: Storelevel characteristics (cross-sectional statistics)

DIV 1 0 0 23 1| Indicator variable, stores located in dre@/1
SQFT 11,096 48,086 47,054 98,066 Total sales fifea,
SKUCOUNT 20,012 39,155 38,397 49,081 Product wairethe store, #
HOUSEHOLD 7 10,579 12,685 61,380 Number of households, #
AVG_HH_SIZE 1.67 2.47 2.49 3.95 Average numberakpns in a household, #
HH_NOCHILD 45.9 68.3 68.1 96.8 Households withduitdren, %
MED_AGE 25.6 36.2 37.( 69.B Median age, years
WHITE 24.9 88.0 84.5 97.8 Caucasian in populatién,
BLACK 0.0 1.9 3.3 23.5 African-American in populati, %
AMER_IND 0.1 1.2 3.0 57.9 American Indians in pagidn, %
ASIAN 0.0 3.3 5.8 46.8 Asians in population, %
OTHER 0.5 3.2 3.4 8.0 Population from other ethyrmups, %
HISPANIC 1.8 5.7 10.1 94.Y Hispanics in populati#,
MED_ HH_INC 0.0 49,644 50,868 120,615 Median houkehwome, $
PER_CAP_INC 0.0 23,878 24,713 50,101 Per capitanies; $
GRADE_SCHOOL 0.2 3.1 4.8 348 Population in gracteosl, %
HS 2.0 9.8 9.9 25.6 Population in high school, %
HS_GRAD 7.8 26.7 25.9 440 Population graduateh finigh school, %
COLLEGE 14.6 35.8 35.1 47.8 Population in coll€ge,
COLLEGE_GRAD 3.9 21.4 24, 60/9 Population graddiditem college, %

Panel 3: Mismatch

>
variables (cr
1

oss-sectional statistics)

tch

TXN_FCASTVSTXN 0.01 0.14 0.1 0.74 Transactiongéaist to transactions mismatch
TXN_FCASTvsPLAN_HOURS 0.02 0.3p 0.42 1.48 Transaxgiforecast to planned hours mismaj
TXNvsPLAN_HOURS 0.00 0.21 0.38 1.56 Transactionple&mned hours mismatch
FT_EEvsPLAN HOURS 0.1 0.98 0.97 1.84 Full time Eyee to planned hours mismatch
FT_MGRvsPLAN_HOURS 0.2( 0.8p 0.97 1.Y7 Full timenagers to planned hours mismatc
PT_EEvsPLAN_HOURS 0.04 0.51 0.57 1.62 Part timeleyae to planned hours mismatch
TOTAL_EEvsPLAN_HOURS 0.04 0.5P 0.58 1.61 Total eoygle to planned hours mismatch
TXNvSTOTAL _EE 0.04 0.43 0.52 1.89 Total employedrtmsactions mismatch
PLAN_SALESvsPLAN HOURS 0.00 0.18 0.27 1.55 Plansal@s to planned hours mismatch
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Table 2. Correlations among customer demogr aphic variables.

Vari abl e Nare 1 2 3 4 5 6 7 8 9 10 | 11 | 12 | 13 | 14 | 15 | 16 | 17
1. HOUSEHOLD 1.00
2. AVG HH SI ZE -.31|1.00
3. HH _NOCHI LD -.42|-.91f1. 00
4. MED AGE -.11|-.57| .59(1. 00
5. WH TE -.23|-.20| .14 .34|1.00
6. BLACK .41 . 11|-.01)-. 25|-.73|1. 00
7. ANMER | ND -. 19| . 24]-. 20|-. 24}-.50[ . 00|1.00
8. ASI AN . 32| .04(-.01)-.14)-.77| .61]-.07|1.00
9. OTHER .21 . 22|-.23|-.45|-.78] .62| .35/ .52|1.00
10. HI SPANI C . 03| .46(-.21]-.33[-.10] .17 .19|-.08|-.00|1.00
11. MED HH I NC . 14| . 25|-.33[-.00|-.11] .01|-.13| .30| .04|-.28|1.00
12. PER CAP_I NC .33|-.22| .14 .27 .03|-.02[-.20] .27|-.06|-.37|-.86|1.00
13. GRADE SCHOOL |-.07| .45|-.18|-.32|-.22| .20| .30 .00| .10| .87|-.44|-.52|1. 00
14. HS -. 27 . 27(-.13|-.17|-.12] . 15| .26|-.11| .09| .60|-.68|-.77| .71|1.00
15. HS GRAD -.49| .10|-.16| .02| .05|-.05| .16|-.22| .07(-.04]-.59|-.71] .16[ .64|1.00
16. COLLEGE -.11]-.07|-. 14{-. 00| . 15|-.07|-.18[-.09| .05|-.53| .16| .04|-.64|-.36] .12(1.00
17. COLLEGE _GRAD |-.44|-.30| .26[ . 17| .04|-.07|-.22 .20|-.13|-.31| .66| .85|-.46|-.83-.89|-.09|1. 00
Table 3. Correlations among longitudinal variables.
Variable Nane | 1 2 3 4 5 6 7 8 9 | 10 11 12
1. SALES 1.00
2. TXN . 89|1. 00
3. TXN FCAST . 88| . 99]1. 00
4. BASKET _VALUE | . 44| . 02| . 02|1. 00
5. PLAN SALES . 99| .89 .88| .44(1.00
6. PLAN HOURS . 96| . 89| .89 .36| .96|1. 00
7. EE _EARNS .92| .89 .88| .29| .92| .92]1. 00
8. MGR_EARNS . 56| . 50| .50] .29| .56| .55| .581. 00
9. FT_EE . 69| .63| .63] .30] .70] .70] .71| . 44[1.00
10. FT_M=R .52| .48| . 48| . 23| .52| .53| .53| .87 .42[1. 00
11. PT_EE .89 .85| .85 .27 .89 .90| .90| .51 .52 .50/1. 00
12. STORE AUDIT | .32| .27| .27 .18| .31] .29| .20| .15 .14| . 16| . 321. 00
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Table 4. Correations among cr oss-sectional variables

Vari abl e Nare 1 2 3 4 5 6 7 8 9 10 11
1. TXN FCASTvsSTXN . 00
2.  TXN FCASTvsPLAN HOURS | .42[1.00
3.  TXNvsPLAN HOURS . 19| . 87|1. 00
4. FT_EEvsPLAN HOURS . 09|-. 05-. 06[ 1. 00
5. FT_MGRvsSPLAN HOURS .03| .18| .21 .00 1.00
6. PT _EEvsPLAN HOURS . 11| . 41| .48[-.21] .23[1.00
7. TOTAL EEvsPLAN HOURS . 06| .40| .47 .14| .36 .86|l.00
8. TXNvsTOTAL EE . 10| . 22| .27[ .11] .23].63|.73[1.00
9. PLAN SALESvsPLAN HOURS | . 11| . 64| .76|-.04| .17| .45| .43| .22/ 1.00
10. SQFT .13]-.04}.09[-.01]| -.16-. 09-. 14} . 05| -. 17| 1. 00
11. SKU COUNT .18 .11} .19(-.01| -.18}-.13]-.15}-.10[-.22[ .79 1.00
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Table 5. Predicting BASKET.VALUE (using last twoays of data for mismatches).

Vari abl e Mbdel 1 Model 2 Mbdel 3 Mbdel 4 Mbdel 5
TXNvsTOTAL EE -1.585%
- 0. 019
-3.097*** | -3.132%x~* -1.624% %%
TXNvs PLAN_HOURS 0. 001 0. 002 0.010
TOTAL EEvsPLAN HOURS -0.198
_ L 0.799
-1.207* -0. 769*
FT_EEvsPLAN_HOURS 0. 064 0. 059
1. 069 0. 155
FT_MGRvsPLAN_ HOURS 0. 154 0. 743
-0. 680 -0. 427
PT_EEvsPLAN_ HOURS 0. 400 0.431
0. 014*** 0. 013***
TOTAL_EE_PER TXN 0. 000 0. 000
6. 633%** 8. 061%**
SKUCOUNT _PER_SQFT 0. 001 0. 000
0. 000*** 0. 000***
SQFT 0. 000 0. 000
1. 403*** 1. 370***
DV 1 0. 007 0. 008
-0. 000* ** -0. 000* **
HOUSEHOLD 0. 001 0. 000
-0. 597 -0.076
AVG _HH_SI ZE 0. 443 0. 923
-0.087* -0. 067
VED_AGE 0. 064 0.164
9.860 5.274
BLACK 0.108 0. 391
6. 884* * 6. 399**
AMER_| ND 0.014 0. 024
-15.911*** | -13.374***
AS| AN 0. 000 0. 000
-4.662* -5. 642%*
H SPANI C 0.087 0. 040
0. 000** * 0. 000**
PER_CAP_I NC 0. 003 0. 022
0.629 1. 094
HS 0.948 0. 905
3.817 1.418
HS_GRAD 0. 458 0.774
=14, 212%** | -12.959***
COLLEGE 0.003 0. 007
23.122 23. 409 23.925 6.225 2.016
CONSTANT 0. 000 0. 000 0. 000 0.227 0. 694
N 230 230 223 223 230
R 0.024 0. 061 0. 081 0. 696 0. 661
Adj usted R 0. 020 0. 052 0. 065 0.667 0. 638
F 5.567 7.311 4.835 24. 439 27. 853
RVSE 3.686 3.624 3.622 2.160 2.241

Coefficient estimates on top, p-values at the lottd*, ** and * denote statistical significance p&0.01, p<0.05

and p<0.10, respectively.
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Table 6. Predicting BASKET.VALUE (robustness tests)

Vari abl e Mbdel 4 Mbdel 6 Mbdel 7 Mbdel 8 Mbdel 9
1. 624 %% 1.507**
TXNvsPLAN HOURS 10 0 018
71,201
TXN_FCASTVSTXN o 587
1. 262%*
TXN_FCASTVPLAN HOURS e
20,777 20.566
PLAN_SALESVSPLAN_HOURS 0 150 0 335
20, 769* 70, 785* 70, 826* 20, 757*
FT_EEvSPLAN_HOURS 0. 059 0. 055 0. 045 0. 067
0.155 0.165 0. 150 0. 061
FT_MaRvs PLAN_HOURS 0.743 0.729 0. 751 0. 899
20. 427 0. 649 20. 468 0. 824
PT_EEVSPLAN_HOURS 0. 431 0.212 0. 388 0.126
0. 014 ** 0. 014 ** 0. 014 ** 0. 013" ** 0. 014 **
TOTAL_EE_PER_TXN 0. 000 0. 000 0. 000 0. 000 0. 000
6. 633 * 6. 543 * * 6. 662" * * 7. 840 ** 6. 957" **
SKUGOUNT_PER_SQFT 0. 001 0. 001 0. 001 0. 000 0. 001
Jo— 0. 000% * * 0. 000% * * 0. 000% * * 0. 000% * * 0. 000* * *
0. 000 0. 000 0. 000 0. 000 0. 000
OV 1 1. 403%** 1. 416%** 1. 408%** 1.376%** 1. 524% %%
- 0. 007 0. 007 0. 007 0. 008 0. 004
Z0.000%** | -0.000"** | -0.000*** | -0.000*** | -0.000%**
HOUSEHOLD 0. 001 0. 001 0. 002 0. 000 0. 001
-0.597 -0. 408 -0.513 0. 191 -0. 316
AVG_HH_SI ZE 0. 443 0.598 0.512 0. 808 0. 686
0. 087" 0. 086" 70, 091% 0,071 0.078
MED_AGE 0. 064 0. 070 0. 054 0.138 0.101
9. 860 9.272 10. 125 6. 380 8. 359
BLACK 0.108 0.132 0. 100 0. 302 0.178
6. 884 * 6. 158 * 6. 407 * 6.337** 6. 199* *
AVER_| ND 0.014 0.028 0. 024 0. 025 0. 029
2SI AN T15.911%** | -15.617*** | -16.136"** | -14.026*** | -14.033***
0. 000 0. 000 0. 000 0. 000 0. 000
4. 662* 5. 140* 5. 161* 5. 126* 5. 165*
HI SPANI C 0. 087 0. 059 0. 062 0. 064 0. 062
0. 000* * * 0. 000* * * 0. 000* * * 0. 000* * 0. 000*
PER_CAP_I'NC 0. 003 0. 003 0. 002 0.014 0. 005
S 0. 629 2. 454 2.696 0. 260 1.216
0. 948 0. 799 0. 784 0.977 0. 902
3.817 3.517 3.542 1. 956 3.521
HS_GRAD 0. 458 0. 496 0. 492 0. 693 0. 500
T14.212%%* | -14.600%** | -14.402"** | -12.805*** | -14.869***
COLLEGE 0. 003 0. 003 0. 003 0. 007 0. 002
6. 225 5. 958 6. 053 2.725 4.991
CONSTANT 0.227 0. 249 0. 240 0.596 0. 337
N 223 223 223 230 223
=2 0. 696 0.693 0. 698 0. 665 0. 687
Adj usted R 0. 667 0. 664 0. 668 0. 639 0. 658
F 24. 439 24. 134 23. 290 26. 375 23. 465
RVBE 2.160 2.169 2.159 2.235 2.191

Coefficient estimates on top, p-values at the lnottg™*, ** and * denote statistical significance p&0.01, p<0.05 and

p<0.10, respectively.
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