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Abstract. Problem definition: Worker absenteeism poses operational challenges across
industries. Although extensively studied in traditional workplaces, its impact on online-to-
offline service platforms remains overlooked. Unlike team-based settings, where colleagues
can cover absences, customers on these platforms are particularly vulnerable to service pro-
vider no-shows because each customer is matched with one independent contractor. The ser-
vice cannot proceed if the provider fails to appear. This paper addresses this gap by
examining how service provider no-shows affect customer attrition and investigating the
unique challenges and opportunities in designing effective mitigation strategies within the
service platform context. Methodology/results: Using detailed transaction data from a Euro-
pean home-cleaning platform, we find that no-shows increase customer attrition probability
by 25.6%, especially among loyal customers, and reduce customer lifetime value by 1.55%
despite their low prevalence (3.51%). These notable adverse effects call for strategies to com-
bat no-shows. We find that predicting gig workers’ no-shows ex ante is challenging,
highlighting the need for post-no-show remedy strategies. Our findings suggest that frustra-
tion discounts after no-shows can help reduce attrition, whereas finding a substitute to
restore service later the same day does not mitigate attrition. There is suggestive evidence
that restoration is effective only if provided promptly (within one hour). We then build an
analytical model that takes these empirical insights as inputs and delivers profit-maximizing
optimal remedy strategies for service platforms tailored to customer and platform character-
istics. Managerial implications: Our study sheds light on the significant adverse impact
caused by no-shows in online-to-offline service settings, despite their rarity. We provide a
framework that enables online-to-offline service platforms to design optimal remedy strate-
gies to combat no-shows based on their own data, addressing the unique challenges of
worker absenteeism in the gig economy settings.

History: This paper was selected as part of the 1RR initiative between the M&SOM Journal and the
MSOM Society.
Supplemental Material: The online appendices are available at https://doi.org/10.1287 /msom.2025.0421.
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1. Introduction

customers to bear the brunt of no-shows, such as clea-

According to the U.S. Bureau of Labor Statistics, the
average absence rate among full-time wage and salary
workers was 3.2% in 2021." Although it is widely
acknowledged that service provider no-shows degrade
customer experience, the extent of the impact can vary
significantly across industries. Previous literature has
focused on industries where workers collaborate in
teams—nurses, retail sales associates, and waiters—
where covering for absent colleagues is challenging but
possible. In contrast, absenteeism can severely impact
service platforms when each customer is matched one-
to-one with an independent contractor. With the rising
popularity of service platforms, it is not uncommon for

ners not showing up for cleaning.”

Although service provider no-shows can be conse-
quential, addressing them is not trivial for platforms.
Service providers operate as independent contractors
with autonomy over their schedules, leaving platforms
with limited control. Additionally, such autonomy might
make predicting no-shows more challenging, heighten-
ing the need for effective post-failure recovery strategies.
Yet, empirical evidence on both the impact of such ser-
vice failures and the effectiveness of recovery strategies
remains scarce in the context of service platforms.

Our study addresses this critical gap by developing a
comprehensive framework. We first quantify the effect
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of no-shows on customer attrition and lifetime value
and examine how these effects vary with customer loy-
alty. We then explore the predictability of no-shows ex
ante and estimate the effectiveness of two post-failure
recovery strategies. Motivated by our empirical find-
ings, we develop an analytical model to help platforms
design optimal remedy strategies tailored to their busi-
ness context. Our goal is to provide service platforms
with actionable insights to combat no-shows.

We conduct our analyses using granular transaction
data from a European cleaning platform operating across
four countries and eight cities. Similar to U.S.-based
Handy, this platform connects individuals seeking clean-
ing services with cleaners. Our data set includes detailed
information on cleaning requests and cleaners’ unan-
nounced absences (i.e., no-shows) at the cleaning level,
enabling us to analyze how no-shows affect subsequent
customer behavior.

The platform’s core model, connecting an indepen-
dent contractor to a customer, mirrors operations in the
rapidly growing online-to-home services industry. Val-
ued at USD 3.71 billion globally, this industry is pro-
jected to grow at 16.7% annually through 2030.> The
industry encompasses a wide range of platforms serv-
ing diverse needs. For example, customers can request
furniture assembly via TaskRabbit, hire electricians and
plumbers through Thumbtack, book yardwork through
HomeAdyvisor, or schedule cleanings with Housekeep.
Given the scale and diversity of this industry, our study
of service provider no-shows and potential remedies
offers timely and practically relevant insights.

We start by showing that no-shows substantially
increase customer attrition on online-to-home services
platforms. Using logistic regression at the cleaning level,
we find that customers are significantly less likely to
continue using the platform following a no-show inci-
dent, increasing the probability of attrition by 25.6%. To
ensure robustness of this finding, we perform additional
analyses, including repeating our analysis on a matched
sample, controlling for an expanded set of variables,
using alternative specifications such as survival models,
and running falsification tests. Furthermore, we show
that our results cannot be attributed to alternative mech-
anisms such as disintermediation. We then quantify the
financial consequences of no-shows using the customer
lifetime value (CLV) framework developed by Bach-
mann et al. (2021) and find that no-shows reduce cus-
tomer lifetime value by 1.55%. Despite the relatively
low prevalence of no-shows (3.51% of cleanings in our
sample), the results indicate that no-shows are costly for
the platform.

We also investigate how the impact of no-shows on
attrition varies with customer loyalty. Prior literature,
which leveraged laboratory experiments and surveys,
offers mixed perspectives on whether loyal customers
are more or less forgiving of service failures. Using

transaction data, we show that in online-to-home ser-
vices platforms, the effects of no-shows on attrition are
more pronounced among loyal customers of the plat-
form. This result carries significant strategic implications,
given prior studies highlighting that repeat customers
generally represent a substantial source of revenue across
industries and that acquiring new customers can cost 5
to 25 times more than retaining existing ones (Gallo
2014). The increased sensitivity of loyal customers to
service failures highlights the importance of tailoring
no-show mitigation strategies according to customer
heterogeneity.

To examine whether the platform can predict no-
shows and undertake preventive measures, we employ
XGBoost, an advanced machine learning model, and
include a comprehensive set of features that capture
cleaner, customer, and cleaning characteristics. We find
that accurately predicting no-shows is challenging. The
limited predictive performance further underscores the
importance of developing remedy strategies that can be
deployed when no-shows occur. Using the instrumental
variable (IV) method, we causally estimate the effective-
ness of two remedies offered by the platform: frustration
discounts and same-day restoration. Whereas frustra-
tion discounts can significantly reduce customer attri-
tion after no-shows, reassigning and completing the
service, which we call restoration, later on the same day
proves ineffective. We find suggestive evidence that res-
toration is effective only if performed promptly—within
an hour of the originally scheduled time.

Informed by these empirical insights, we develop an
optimization model to help platforms design profit-
maximizing remedy strategies tailored to customer types.
Our model focuses on two empirically motivated reme-
dies: offering discounts following no-shows and retain-
ing standby service providers for prompt restoration.
This model delivers a strategy comprising (i) the opti-
mal number of standby service providers and their
optimal allocation across customer types and (ii) the
optimal frustration discount to offer each customer
type when prompt restoration is not feasible.

Collectively, our paper makes the following contribu-
tions to academic research and managerial practice.

e Our study examines a gig economy platform where
each customer is served by one provider, in contrast to
extensively studied team-based settings where cowor-
kers can often cover for absent colleagues. In a one-to-
one context, customers directly experience the adverse
impacts of no-shows, which allows us to precisely mea-
sure the effect of no-shows on customer attrition (Section
4.1) and document that loyal customers react more
adversely to service failures (Section 4.3).

e We study gig workers who have autonomy over
whether and where to work. This differs from prior
research that focused on traditional employees. We
show that schedule-related variables are not strong
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predictors of no-shows in this setting with worker
autonomy (Section 4.2.1), limiting the platform’s ex
ante preventive measures.

e We causally identify the effectiveness of two rem-
edy strategies for ex post recovery using customer
transaction data, contributing to the literature on ser-
vice failure recovery that predominantly relies on labo-
ratory experiments and surveys measuring purchase
intentions (Section 5.1). We further develop an analyti-
cal model to design effective post-failure remedjies.

e Our study offers practical insights for industry
practitioners on two fronts. First, we show that it is
important to mitigate the impact of no-shows because,
although rare, no-shows are costly to platforms. Second,
we develop a comprehensive framework that similar
platforms can use. This framework quantifies no-show
impacts, estimates cleaning-level no-show probabilities,
evaluates remedy effectiveness, and inputs these para-
meters into an optimization model. This framework
helps platforms generate tailored optimal remedy strate-
gies using their own data, as we show in Section 5.2.

e Prior research on service operations predominantly
examines process failures (e.g., longer wait times). In
contrast, we focus on outcome failures where the prom-
ised core service is not fulfilled (scheduled cleaning at a
specific date and time). We find that these outcome fail-
ures have significant adverse impacts on customers.
Additionally, existing research mainly considers short-
term outcomes like immediate abandonment, whereas
we analyze longer-term effects of no-shows on customer
attrition and lifetime value. We elaborate on our contri-
bution to these streams of literature in Section 2.2.

2. Literature Review

Our research contributes to two streams of literature on
service management: (i) worker management, absentee-
ism, and labor staffing; and (ii) service failures.

2.1. Service Provider Absenteeism

Customer no-shows, such as those of patrons and
patients, have been widely studied in the literature (Has-
sin and Mendel 2008, Liu et al. 2019, Kong et al. 2020).
However, research on service provider no-shows (ie.,
absenteeism) remains limited. Moreover, existing studies
on absenteeism primarily focus on settings where provi-
ders work in teams, which differs from the gig economy
context we examine.

Early research links absenteeism to heavy workloads,
stress, and understaffing, especially in healthcare (McVi-
car 2003, Unruh et al. 2007). Its consequences include
lower service quality and reduced productivity across
sectors (Unruh et al. 2007, Kesavan et al. 2022). As service
providers work in teams in these settings, the strategy to
deal with absenteeism has centered around incorporat-
ing potential worker absences into ex ante staffing

policies. Fry et al. (2006) develop firefighter staffing poli-
cies that account for unpredictable absences. Green et al.
(2013) propose optimal nurse staffing by accounting for
endogenous absenteeism rates. Wang and Gupta (2014)
utilize individual absenteeism history in nurse staffing
planning.

Recent research has demonstrated the impact of sched-
uling practices on productivity and absenteeism in tradi-
tional employment settings. Studies show that schedule
consistency positively affects productivity in retail set-
tings (Kesavan et al. 2022, Lu et al. 2022). Similarly,
Kamalahmadi et al. (2021) show that, although short-
notice schedules do not harm server productivity overall,
real-time schedules reduce productivity significantly.
Moreover, Kwon and Raman (2023) provide evidence
that inconsistent work schedules significantly increase
the probability of lateness and absenteeism. These find-
ings underscore the importance of scheduling and
schedule predictability in traditional employment set-
tings where managers have direct control over worker
schedules.

Our research addresses a critical gap in the literature
by studying the gig economy, where service providers
have complete autonomy over when and whether to
work. Traditional, ex ante imposed schedules are not
viable in this context. As we show in our prediction
analysis (Section 4.2.1), schedule-related factors are not
strong predictors of no-shows, possibly due to the
autonomous nature of gig work. Therefore, instead of
focusing on such interventions, we examine two ex post
levers that platforms can implement—retaining standby
cleaners and offering frustration discounts—that are
more applicable to our setting and could help mitigate
the adverse impacts of no-shows.

Our paper also contributes to the growing literature
on service provider and customer behavior in gig-
economy settings. Prior studies have primarily exam-
ined gig workers’ labor supply decisions (Allon et al.
2023, Xu et al. 2023) and customers’ sensitivities to ser-
vice delays (Yu et al. 2022). We extend this literature by
documenting the impact of service provider absenteeism
and by developing a framework that enables platforms
to effectively mitigate these failures, thereby addressing
a crucial operational challenge for online-to-offline gig
platforms.

2.2. Service Failure
Our work is also related to streams of literature on ser-
vice failures and service quality management.

2.2.1. Consequences of Service Failures. Dating back
to Zeithaml et al. (1996), the marketing literature has
shown that service quality affects individual customer
behavior. Service failures notably decrease customers’
service evaluations and satisfaction (Anderson et al.
2008, Xu et al. 2019). Although service failures can take
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multiple forms—including advance cancellations and
no-shows—our focus is on service provider no-shows.
Such failures are more likely to disrupt customers’ plans
and expectations compared with advance cancellations.

The psychological mechanisms underlying the rela-
tionship between service failures and customer behav-
ior explain how service failures can lead to customer
attrition. The expectation disconfirmation theory posits
that customers evaluate their service experiences by
comparing actual performance to expectations and refer-
ence levels (Oliver 1980). When service failures occur,
perceived performance falls below customers’ expecta-
tions, producing negative disconfirmation that translates
into negative emotions—such as anger and frustration—
and dissatisfaction, heightening the propensity to churn.
From a service quality perspective, the widely used
SERVQUAL framework demonstrates that reliability is
consistently the most critical dimension in determining
customers’ overall service quality perceptions (Parasura-
man et al. 1988). No-shows of service providers directly
undermine this reliability dimension, because they repre-
sent failures to perform promised services dependably
and at the agreed-upon time. This deterioration in per-
ceived service quality can increase customer attrition.

Beyond survey-based measures of emotions and sat-
isfaction, this stream of research has also informed opti-
mal service design models. Hall and Porteus (2000) solve
for firms’ capacity decisions accounting for customers’
responses to service failures. These negative perceptions
and dissatisfaction have consequential monetary out-
comes. Customers who experience inadequate service
time in a personal finance setting or more stockouts in
a retail setting spend less with the firm (Oliva and Ster-
man 2001, Anderson et al. 2006). Similarly, denied and
downgraded services on overbooked airlines, longer-
than-expected wait times, and slower-than-expected
service speeds on ride-hailing platforms reduce custo-
mers’ future usage and spending (Wangenheim and
Bayén 2007, Cohen et al. 2021).

Our research makes several contributions that address
key gaps in the service failure literature. Previous litera-
ture has classified service failures as process failures
(deficiencies in service delivery, such as excessive waiting
times) and outcome failures (where the core promised
service itself is not delivered) (Sivakumar et al. 2014). The
empirical service operations literature has predominantly
examined process failures across diverse settings, such as
restaurants (Allon et al. 2011). In contrast, our study
focuses on outcome failures—specifically, cleaning ser-
vices scheduled for particular dates and times that are
not delivered due to provider no-shows.

Our findings reveal that such outcome failures signifi-
cantly increase customer attrition rates, with more sub-
stantial customer impacts than typically expected in
process failures. The SERVQUAL framework (Parasura-
man et al. 1988) provides theoretical insight into this

difference: outcome failures, such as no-shows, breach
the reliability dimension of service quality. Process fail-
ures, such as delays, primarily erode responsiveness.
This distinction explains why outcome failures can have
large impacts on attrition, as demonstrated by our
findings.

Second, although existing service operations research
mainly considers short-term outcomes such as customer
abandonment (Yu et al. 2022) and decreases in hourly
sales (Mani et al. 2015), we analyze the effects of service
failures on longer-term outcomes, specifically attrition
and customer lifetime value. Together with Cui et al.
(2023), our research is among the few studies that exam-
ine longer-term consequences of service failures.

Third, whereas the marketing literature primarily uti-
lizes surveys and laboratory experiments to study the
impacts of service failures on satisfaction and purchase
intentions, we complement these studies by using cus-
tomer transaction data, which allows us to observe real
purchasing behavior rather than relying on stated inten-
tions and quantify the impact of service failures on subse-
quent customer attrition causally. This data set also
allows us to assess the heterogeneous effects of no-shows
across customer loyalty levels more reliably.

2.2.2. Effect of Service Failures on Loyal Customers.
Although service failures generally hurt customer-
platform relationships and increase churn, how this
effect varies with customer loyalty remains theoretically
ambiguous and empirically underexplored.

Competing theoretical perspectives offer contradic-
tory predictions. On the one hand, loyal customers may
respond less negatively to service failures and may be
less likely to leave the platform in the face of a no-show.
Loyal customers with several prior service encounters
often carry a reservoir of goodwill. Previous work on
service failure and recovery suggests that an ongoing
relationship and goodwill can buffer against dissatisfac-
tion because the failure incident is judged against a long
run of positive interactions rather than in isolation (Tax
et al. 1998, Hess et al. 2003). This buffer effect might
operate alongside the halo effect, where customers’
overall positive impression of the brand casts a favorable
light on specific negative incidents, causing them to inter-
pret failures more generously than they otherwise might
(Nisbett and Wilson 1977). These mechanisms collec-
tively suggest that loyal customers should respond less
negatively to service failures.

Yet, loyalty can just as plausibly magnify the negative
impacts of service failure. Contrast theory suggests that
when current performance falls below a high reference
point, the gap is perceived as larger; consequently, loyal
customers might compare a no-show with their past
positive interactions, experiencing a heightened sense of
loss (Anderson 1973, Oliver and DeSarbo 1988). Fairness
theory reinforces this view: After investing substantial
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time and money across multiple service encounters,
loyal customers develop expectations of fault-free exe-
cution, making no-shows feel like violations of psycho-
logical contracts that trigger stronger negative emotions
(Grégoire and Fisher 2008). In addition, loyal customers
may also develop a sense of entitlement (Wetzel et al.
2014, Li et al. 2017), believing the platform owes them
reliable service. Thus, a failure may cause resentment,
because they might consider a no-show to be a betrayal
of trust. This could potentially trigger the “How could
this happen to me?” reaction that converts disappoint-
ment into exit (Grégoire and Fisher 2008). In light of these
mechanisms, loyal customers should respond more neg-
atively to service failures.

Existing empirical evidence remains mixed and is
based on limited methodological approaches. Whereas
some studies find that loyalty cushions dissatisfaction
(Tax et al. 1998, Hess et al. 2003), others report heightened
negative reactions among loyal customers (Grégoire and
Fisher 2008). However, these findings rely predomi-
nantly on scenario-based vignette studies (Hess et al.
2003) and retrospective surveys (Grégoire and Fisher
2008) that capture hypothetical or retrospective evalua-
tions rather than actual customer behavior.

Our study addresses these limitations in several ways.
First, our granular data set allows us to assess heteroge-
neous no-show effects across loyalty levels more pre-
cisely than previous studies. Second, our optimal remedy
strategy accounts for customer heterogeneity in loyalty
levels. Overall, we contribute to the theoretical debate
while offering practical guidance for platforms manag-
ing loyal customer relationships in the face of service
failures.

2.2.3. Mitigation and Remedies. By examining the neg-
ative impact of service failures, our work also contributes
to the literature that studies service failure recovery. In
the marketing literature, monetary compensation and
sincere customer scripts (including apologies and expla-
nations) have proven effective in recovering customer
satisfaction. Craighead et al. (2004) and Noone and Lee
(2011), and the references therein, provide an extensive
review of service recovery. Both papers measure the
effectiveness of mitigation strategies by surveying custo-
mers’ perceptions toward the service and their repatro-
nizing intentions postservice recovery activities.

As noted by Cohen et al. (2021), most prior research on
service recovery uses surveys and laboratory experi-
ments. Notable exceptions include Anderson et al. (2006)
and Cohen et al. (2021), who examine recovery strategies
through field experiments. Anderson et al. (2006) find
that offering a price discount on the stockout product or
telling the customer that the stockout item is extremely
popular preserves the order. Cohen et al. (2021) find that
offering a $5 ride credit and an apologetic message

incentivizes a frustrated customer to return and use the
ride-hailing service again.

Our contribution to the service failure mitigation litera-
ture is twofold. First, we use transactional data to caus-
ally examine the effectiveness of two remedy strategies—
monetary discounts and same-day restoration—in
reducing customer attrition. Second, we develop an opti-
mization model to determine optimal remedy strategies
that maximize aggregate customer lifetime value, a proxy
for profit, for service platforms.

3. Empirical Setting and the Data

3.1. Empirical Setting

Our data set comes from a European two-sided cleaning
platform that connects households and businesses look-
ing for cleaning services with cleaners. Customers pro-
vide detailed information, including their district, date
and start time, the number of rooms in their home, and
extra services (e.g., oven or fridge cleaning) when they
submit the cleaning request. They also provide their
credit card information for payment. The platform pre-
determines the prices for services.

Posted cleanings are shared with all cleaners regis-
tered to serve the customer’s district. Cleaners are inde-
pendent contractors—the platform does not control
their schedule or cleaning assignments. Once picked up
by a cleaner, a service request is no longer visible to
other cleaners. The platform handles all communica-
tion, and cleaners and customers cannot directly com-
municate with each other.

On the day of the cleaning, service is set to start at
a specified time. If the cleaner does not show up and
the platform confirms the no-show, then the platform
records this incident as a no-show. The platform does not
explicitly impose any monetary penalty on the cleaners
due to no-shows and does not restrict cleaners” access to
future cleaning requests.

If a no-show occurs, the platform first tries to restore
the service to be completed at a later time on the same
day with a replacement cleaner. If this does not work,
the platform offers to schedule the cleaning for another
day. The platform may also offer monetary discounts to
compensate for the inconvenience experienced by the
customer. If a cleaning is completed, the cleaner is paid
after the cleaning.

3.2. Data Description
The platform shared comprehensive data spanning all
cleaning requests from its inception in April 2016 to Feb-
ruary 2020. Our analyses focus on the cleaning services
delivered after the platform started to record absentee-
ism data in December 2018.

For each cleaning, we observe the order ID; the date
and channel (website, call center, or mobile app) through
which the cleaning request was posted; the ID and
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district of the customer who posted the request; the num-
ber of rooms in the customer’s home; extra services (e.g.,
oven or fridge cleaning); the date the cleaning occurred;
the ID of the cleaner who worked on the cleaning;
whether the customer has pets at home; whether the cus-
tomer used a coupon or discount; the customer’s rating
and review of the cleaner, if provided; and the cleaner’s
rating and review of the customer, if provided.

In addition, the platform shared detailed data on
no-shows. This data set covers the order ID of the clean-
ing for which the no-show took place, the ID of the
cleaner who was absent,* the date of the no-show, and
remedial actions taken by the company to alleviate the
effects of the no-show, if any.

By combining these two data sets, we can pinpoint the
specific cleanings (identified by the cleaning ID) and cus-
tomers (identified by the customer ID) impacted by
no-shows, along with the date of the no-show and
any remedial measures implemented by the platform.
Observing customers’ order history and no-show infor-
mation at the cleaning level allows us to evaluate the
effect of no-shows on customer attrition.

Our analysis sample includes 81,960 cleanings involv-
ing 2,664 cleaners and 32,321 customers.” In this sample,
the no-show rate is 3.51%. We also provide more detailed
summary statistics at the customer, cleaner, month-year-
city levels in Table 1.

3.3. Variable Definitions

In this study, we focus on exploring the effects of service
providers’ no-shows on customer attrition. We specifi-
cally look at how likely a customer is not to place
another order on the platform after experiencing a
no-show. Because these no-show events happen at the
cleaning level, we base our analysis on the cleaning
level. In this section, we define the variables used in our
study and provide corresponding summary statistics in
Section A.1 in Online Appendix A.

3.3.1. Dependent Variable. We measure customer attri-
tion by examining whether a customer does not place a
subsequent service request following the current clean-
ing. For this purpose, we define the indicator variable

Table 1. Summary Statistics for Platform Activity

R;, which equals one if the customer does not place
another service request after service i during our period
of observation and zero otherwise.®

3.3.2. Independent Variable. Our independent variable
captures the occurrence of a no-show event for a partic-
ular cleaning. If the originally matched service provider
fails to show up on the scheduled service date, the clean-
ing is considered to have experienced a no-show. The
indicator variable NoShow; equals one if cleaning i
experiences a no-show and zero otherwise.

3.3.3. Controls. To control for cleaning and customer-
specific factors that might impact customer attrition, we
include a set of controls defined below.

3.3.3.1. Customer Order History. A customer’s res-
ponse to no-shows and their loyalty can be influenced
by their previous interactions with the platform, in
other words, their order history. For example, custo-
mers who received more cleanings from the platform
might be more inclined to return to the platform fol-
lowing a cleaning. To account for the potential influ-
ence of a customer’s order history on their attrition, we
incorporate the CustomerOrderHistory, variable, which
represents the total number of cleanings the customer
has received from the platform since its inception prior
to cleaning i.

3.3.3.2. Price. The cost of the cleaning service may
influence a customer’s likelihood of coming back to the
platform. To capture this potential effect, we introduce
the variable Price;, which denotes the total price of clean-
ing i, encompassing both the primary cleaning charge
and any extra services (such as oven or fridge cleaning)
before any discounts are applied.

3.3.3.3. Discount Amount. Customers can pay re-
duced prices by using a coupon or gift card, as well as
by giving or receiving referrals. We calculate the dis-
count amount as the total monetary discount applied by
the customer to cleaning i before the scheduled service,
thatis, DiscountAmount;.

Mean Median Standard deviation Q25 Q75 Q90
Total cleanings per customer 2.54 1.00 4.22 1.00 2.00 5.00
Total cleanings per cleaner 30.77 12.00 47.14 4.00 36.00 84.00
Monthly cleanings per customer 1.36 1.00 0.87 1.00 1.00 2.00
Monthly cleanings per cleaner 7.73 6.00 6.99 2.00 11.00 17.00
Monthly cleanings per city 794.36 369.00 1,111.28 136.00 819.25 2,880.20
Monthly customers per city 585.85 269.50 852.67 105.50 501.50 2,241.60
Monthly cleaners per city 103.08 41.00 150.11 23.25 87.75 410.20

Note. As our data set ends on February 13, 2020, we excluded the incomplete February month when calculating monthly-level summary statistics.
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4. Evaluating the Impact of No-Shows

In the previous section, we introduced the empirical set-
ting, described the data set, and defined the key vari-
ables. In this section, we first outline our empirical
methodology and present our main findings. In Section
4.2, we first assess whether no-shows can be predicted
ex ante, followed by a series of analyses that confirm the
robustness of our main results. Section 4.3 explores the
heterogeneous effects of no-shows by examining how
their impact varies with customer loyalty. Finally, in Sec-
tion 4.4, we quantify the financial impact of no-shows
on the platform using customer lifetime value analysis
(CLV).

4.1. Empirical Strategy and Main Results
To explore the effect of no-shows on customer attrition,
we begin by comparing the average customer attrition
rates for cleanings with and without no-show incidents.
We find that the average attrition rate is 32.7% for clean-
ings that did not experience no-shows, but the attrition
rate jumps to 46.5% when no-shows occur.

Building on this model-free evidence, we estimate
a model quantifying how no-shows causally affect
customer attrition. Our identification exploits quasi-
experimental variation in no-shows arising from the
conditional randomness of no-shows given observable
characteristics. Section 4.2.1 provides empirical evi-
dence corroborating this identification strategy, as we
show that no-shows are difficult to predict, do not fol-
low distinctive patterns, and are not concentrated over
a few cleaners or customers. Section 4.2.2 presents
comprehensive robustness checks that provide addi-
tional evidence that our findings remain consistent
under matched samples, alternative sets of controls,
model specifications, and alternative mechanisms.

To identify the impact of no-shows on customer attri-
tion, we use the following model:

R; = ﬁNoShowi + )/Xl + Trmyc(i) + Qproz:luct(i) + €, (1)

where i denotes the cleaning ID. The dependent variable
R; is an indicator variable that captures whether custo-
mers do not request another cleaning from the platform
after cleaning i. Because our dependent variable is
binary, we use logistic regression. Our independent var-
iable NoShow; captures whether a no-show occurred in
cleaning i. The control variables are denoted by X; and
include CustomerOrderHistory,, which enables us to con-
trol for customer loyalty, Price;, which controls for the
service’s price, and the DiscountAmount;, which denotes
the total discount amount the customer used when
booking cleaning i.

We control for city-specific temporal patterns at the
month-year level by including month-year X city fixed
effects, Tc(;), and account for time-invariant product
category-specific characteristics by including product-

category fixed effects Opo4.c1(;)- We use robust standard
errors. Our results are also robust to using clustered
standard errors.

We present the results of our analysis in Table 2. All
specifications include month-year X city and product-
category fixed effects. Column (1) controls for Customer-
OrderHistory, whereas column (2) additionally includes
the Price and DiscountAmount controls. The coefficient
of NoShow is positive and statistically significant in both
specifications. Based on the estimated effects, experienc-
ing a no-show increases the odds of customer attrition
by an average of 34.4%. In other words, when customers
experience a no-show, they become more likely not to
place another cleaning request through the platform.
This estimated coefficient (column (2) of Table 2) further
corresponds to a 25.6% increase in attrition probability.”

4.2. Prediction and Robustness Analyses

In the previous section, we documented the adverse
impact of no-shows on customer retention. In this sec-
tion, we first examine whether no-shows are predictable
and demonstrate that it is difficult to predict no-shows.
We then implement a series of analyses to confirm the
robustness of our results.

4.2.1. Prediction. In the previous section, we demon-
strated that no-shows significantly increase customer
attrition. To mitigate this problem, the platform can
adopt two strategies: (1) predicting no-shows ex ante to
implement preventive measures and (2) applying reme-
dial actions ex post to lessen the adverse effects. Accu-
rately predicting potential no-shows would enable the
platform to proactively reduce absenteeism. In this sec-
tion, we assess whether the platform can accurately pre-
dict no-shows, NoShow;, the key independent variable
in our main specification.

In our sample, 3.51% of the observations are no-shows.
We estimate gradient-boosted trees (XGBoost) because
they constitute a state-of-the-art prediction method due
to their outstanding performance on sparse data sets.®

Table 2. Impact of No-Shows on Customer Attrition

(1) 2)

NoShow 0.302%** 0.296***
(0.044) (0.045)

Observations 81,959 81,959

Log likelihood —40,432.0 —39,733.1

Notes. All models include month-year x city fixed effects and
product-category fixed effects. Column (1) includes Customer-
OrderHistory control, and column (2) includes CustomerOrderHistory,
Price, and DiscountAmount controls. Robust standard errors are in
parentheses. Our results are also robust to clustering standard errors
at the: (i) date X city, (ii) month-year X city, (iii) customer, (iv) cleaner,
(v) two-way clustering: (cleaner and month-year X city), and (vi) two-
way clustering: (customer and month-year X city) levels.
#p < 0.001; #*p < 0.01; *p < 0.05; Tp < 0.1.
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Our prediction model incorporates a broad set of fea-
tures that capture various dimensions of cleaning—
including characteristics of the cleaner, the customer,
and the cleaning service itself—which may impact the
likelihood of a no-show. We discuss in detail the predic-
tion features and model selection in Section A.2.5 in
Online Appendix A.

The results from our XGBoost model underscore the
inherent difficulty of predicting no-shows ex ante. The F1
score of our prediction model is 0.27, much lower than
the rule-of-thumb threshold of 0.7, the threshold that
indicates strong predictive performance, indicating lim-
ited predictive performance. Despite leveraging a com-
prehensive set of features and a state-of-the-art model for
classification tasks, the algorithm struggles to distinguish
between cleanings that experienced no-shows and those
that did not. As an additional robustness analysis, in Sec-
tion 4.2.2, we include all the features included in the pre-
diction model in our main equation (Equation (1)), and
we find that no-shows increase customer attrition under
this specification as well (8 = 0.27, p < 0.001). The weak
predictive performance of the model suggests fundamen-
tal limitations for implementing effective preemptive
interventions. This finding highlights the critical impor-
tance of developing ex-post remedy strategies to mitigate
the impact of no-shows when they occur. We explore the
remedy strategies in Section 5.2.

4.2.2. Robustness Analysis. Our empirical strategy
leverages quasi-experimental variation in no-shows to

Table 3. Summary of Robustness Checks

identify their causal impact on customer attrition.
No-shows appear to occur quasi-randomly, as supported
by our prediction analysis, which shows limited predic-
tive performance. To further validate our results, we
conduct extensive robustness analyses, summarized in
Table 3 with details in Section A.2 in Online Appendix A.
Collectively, these analyses confirm that no-shows signif-
icantly increase customer attrition.

First, we systematically expand our main specifica-
tion to ensure that omitted variable bias does not drive
our results. Specifically, we estimate our model includ-
ing (i) cleaner fixed effects to control for time-invariant
cleaner characteristics—such as baseline reliability and
service quality—that might influence both no-shows
and customer attrition; (ii) cleaner fixed effects along-
side customer-side controls to account for potential
unobserved heterogeneity on both sides of the platform;
(iii) customer district fixed effects; (iv) both customer
district and cleaner fixed effects; (v) customer district
interacted with product category fixed effects; (vi) all
prediction features from the prediction model (Section
4.2.1 and Section A.2.5 in Online Appendix A) to cap-
ture a wide range of potential confounders; and (vii)
date X city fixed effects in place of month-year X city
fixed effects to capture city-specific temporal patterns
at a more granular level. Our estimates remain stable
and statistically significant across all specifications, as
reported in Table 3 “Extended set of controls.”

Second, because our observation period ends in Feb-
ruary 2020, customers who intended to return later

Test Robustness check Effect size p-value Observations
Main model Baseline specification (main result) 0.30 (0.045) <0.001 81,959
Extended set of controls Cleaner FE 0.24 (0.049) <0.001 81,959
Cleaner FE + customer-side controls® 0.27 (0.053) <0.001 81,959
Customer district FE 0.30 (0.046) <0.001 81,959
Customer district FE + Cleaner FE 0.25 (0.050) <0.001 81,959
Customer district X prod. category FE 0.29 (0.047) <0.001 81,959
Prediction Features from Section 4.2.1 0.27 (0.049) <0.001 81,959
Date X city FE 0.31 (0.047) <0.001 81,959
Alternative specifications Survival analysis (AFT model) —0.22 (0.05) <0.001 81,959
Excluding the last 90 days 0.34 (0.05) <0.001 64,139
Alternative attrition definition 0.30 (0.05) <0.001 64,139

(90-day inactivity)
LPM; Probit 0.08 (0.009); 0.19 (0.03) <0.001 81,959
Alternative matching PSM (1:1, caliper = 0.1) 0.27 (0.06) <0.001 5,022
specifications PSM (1:3, caliper = 0.1) 0.23 (0.05) <0.001 9,646
PSM (1:1, caliper = 0.2) 0.27 (0.06) <0.001 5,140
Ruling out the alternative Controlling for cleaner past no-shows 0.30 (0.05) <0.001 81,780
mechanism

Disintermediation Same-day restoration subsample 0.27 (0.07) <0.001 80,129
Placebo Spurious data variation —0.0008 — 81,959

Customer side controls include (1) customer tenure on the platform (measured in days), (2) total spending prior to the focal cleaning, (3)
interactions between customer district fixed effects and product-category fixed effects to account for socioeconomic heterogeneity within
districts, (4) an indicator for whether extra services were requested, (5) fixed effects for specific extra service types, (6) an indicator for the
presence of pets in the household, (7) start-hour, (8) the number of days between order date and requested service date, and (9) weather
conditions on the service day (temperature, precipitation, snow depth, wind speed, and visibility).
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might be misclassified as having churned. We address
this right-censoring concern through three approaches:
(1) survival analysis using accelerated failure time mod-
els, (2) excluding cleanings from the final 90 days to
ensure all customers have sufficient time to return, and
(3) using alternative attrition measures based on 90-day
inactivity periods. All approaches yield consistent results,
confirming that right-censoring does not explain our
findings (Table 3, “Alternative specifications”; Section
A.2.21in Online Appendix A). We further verify the robust-
ness of our results under probit and linear probability
models (LPM), and our findings remain unchanged.

Third, we employ propensity score matching to en-
hance comparability between cleanings that experi-
enced no-shows and those that did not. By matching
cleanings on observable characteristics, such as the total
number of orders received prior to the focal cleaning
(CustomerOrderHistory), we create a more balanced com-
parison that reduces bias from potential confounding
factors. We run a series of alternative matching specifi-
cations, which are detailed in Section A.2.1 in Online
Appendix A. The coefficient for no-shows remains posi-
tive and statistically significant under all these specifica-
tions (Table 3, “Alternative matching specifications”;
Section A.2.1 in Online Appendix A).

Fourth, we run additional analyses to rule out the
alternative disintermediation mechanism—where clea-
ners and customers bypass the platform for direct
transactions. A specific concern is that some recorded
“no-shows” might represent cases where cleaners
arrived but proposed off-platform transactions, which
could simultaneously create an apparent no-show and
subsequent customer attrition. We address this through
two approaches: (1) controlling for individual cleaners’
historical no-show patterns, reasoning that systematic
disintermediation behavior would be captured in their
records and (2) restricting our analysis to no-show inci-
dents followed by same-day restoration through the plat-
form, where disintermediation is implausible because
customers who received off-platform service would have
little incentive to reschedule through the platform on the
same day. Both approaches yield results similar to our
main findings (Table 3, “Ruling out the alternative
mechanism:Disintermediation”; Section A.2.4 in Online
Appendix A). Finally, the placebo tests (see Table 3,
“Placebo”; Section A.2.3 in Online Appendix A) confirm
that our data structure and model are not spuriously gen-
erating observed results.

4.3. Heterogeneous Effect: Customer Loyalty on
Customer Attrition

In Section 4.1, we documented the substantial impact of

no-shows on customer attrition. As discussed in Section

222, it is not a priori clear whether the effect of

no-shows on customer attrition would be subdued or

amplified for the more loyal customers of the platform.

In this section, we explore how the impact of no-shows
varies with customer loyalty using the following model:

R; = B,NoShow; + ,NoShow; X CustomerOrderHistory,
+ BsCustomerOrderHistory,; + yXi + Temy()

+ 6;7r01:h¢ct(i) + €. (2)

Similar to our main model described in Section 4.1,
this model includes month-year X city fixed effects and
product-category fixed effects and is estimated using
logistic regression. The interaction term NoShow; X
CustomerOrderHistory,; captures how the impact of no-
shows varies with customer loyalty. The result of this
analysis is given in Table 4. Column (2) of Table 4
includes Price and DiscountAmount controls.

The negative and significant coefficient on Customer-
OrderHistory indicates that, holding no-show status con-
stant, each additional prior cleaning is associated with a
reduction in the odds of attrition. Thus, customers with
more completed cleanings exhibit lower baseline attri-
tion risk.

We are interested in whether the effect of a no-show
on attrition varies with customers’ prior order history.
The positive and significant coefficient on NoShow x
CustomerOrderHistory indicates that the impact of a
no-show on attrition increases with the number of prior
cleanings. Together with the positive coefficient on
NoShow, this implies that, although a no-show raises the
odds of attrition at any given level of prior cleanings,
the proportional increase in those odds becomes larger
as the total number of prior cleanings increases. In other
words, whereas customers with longer order histories
have lower baseline attrition, the attrition penalty trig-
gered by a no-show is stronger for them.

This finding is particularly important in light of prior
research that underscores the strategic value of retaining
loyal customers, because they are the key drivers of
long-term profitability (Grégoire and Fisher 2008).

These results highlight the adverse effect of no-shows
but do not directly measure the financial implications

Table 4. Heterogeneous Effects of No-Shows on Customer
Attrition

1) )

NoShow 0.16** 0.16**
(0.06) (0.06)
CustomerOrderHistory —0.29%** —0.26***
(0.01) (0.01)
NoShow x CustomerOrderHistory 0.09%** 0.08***
(0.02) (0.02)
Observations 81,959 81,959

Log likelihood —40,415.5 —39,718.8

Notes. All models include month-year X city and product-category
fixed effects. Column (2) also includes rice and DiscountAmount
controls. Robust standard errors are in parentheses.

#p < 0.001; **p < 0.01; *p < 0.05; p < 0.1.
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for the platform. To quantify the monetary impact of
no-shows, we turn to a CLV model in the next section,
which allows us to estimate the revenue losses associ-
ated with these service failures by examining each cus-
tomer’s purchase history.

4.4. Financial Impact: CLV

Quantifying the financial impact on the platform is cru-
cial for performing a cost-benefit analysis for potential
mitigation strategies discussed in detail in Section 5.2.1.
To this end, we leverage a widely used CLV model that
(1) extends beyond attrition probability by jointly model-
ing purchase and attrition behaviors, which could be
influenced by no-show incidents, and (2) estimates mean
spending per transaction. Using this model, we conduct
a counterfactual analysis to evaluate the monetary value
the platform could have retained had no-shows not
occurred.

4.4.1. CLV Model. To model customers’ repeat pur-
chases and attrition, we use an extension of the Pareto/
negative binomial distribution model (PNBD) developed
by Bachmann et al. (2021). PNBD is the most widely used
framework among researchers and practitioners in non-
subscription settings like ours (Schmittlein et al. 1987,
Oblander and McCarthy 2021). Customers can be in one
of two states: “Alive” or “Dead” (churned), and the
framework jointly models these two processes. When
alive, customer i's purchases (cleaning requests in our
case) follow a nonhomogeneous Poisson process with
time-varying rate A;(f) = Ag exp()/;Xf; ), and their lifetime
(until churn) follows an exponential distribution with
rate 1,(t) = i, exp(y.X4). The baseline purchasing and
attrition rates are independently distributed according to
gamma distributions: Ag ~I'(r,a), and p, ~I'(s, ). The
parameters y,, y, are coefficients of the covariate vectors

X, and X, respectively. We include whether customer i
experienced a no-show by time ¢, HadNoShowy, in both

XL and X4 to investigate the impact of no-shows. The
estimated parameter set @ :=(r,a,s,p, )/p,ya), together

with covariate values X! and X4, determines each custo-
mer’s expected number of purchases during a given period.
Notably, no-show incidents, among other covariates,

affect both purchasing and attrition via the estimated

coefficients )/p, HadNoShow” ya, HadNoShow*

We estimate mean spending per transaction through
the Gamma-Gamma model proposed by Fader et al.
(2005) and Colombo and Jiang (1999). This model allows
us to compute the expected mean spending per transac-
tion conditional on individuals’ observed number of
transactions and average spending per transaction. We
assume no-shows do not affect customers’ spending per
transaction, as it is primarily determined by the charac-
teristics of customers’ homes in our setting. Each

customer’s lifetime value is then calculated as the prod-
uct of their expected number of purchases and expected
mean spending per transaction. We estimate the CLV
model using data from weeks 1 to 52 and predict cus-
tomer lifetime value over the subsequent eight-week
holdout period, which extends to the end of the data
set. Comprehensive details on the CLV model’s imple-
mentation, estimation procedures, goodness-of-fit
checks, and estimation results are provided in Online
Appendix B.

4.4.2. Estimation Results and Counterfactual. Our pri-
mary parameters of interest are the impact of exp-
eriencing a no-show on customers’ lifetime duration,
purchasing frequency, and ultimately their lifetime
value. Recall that customers’ cleaning requests follow a
Poisson process. The negative coefficient ony,, 11.inosow
(—0.109; see Table B.1 in Online Appendix B) indicates
longer interpurchase intervals, leading to fewer clean-
ing requests in a given lifetime. Customers’ lifetimes
are exponentially distributed. The positive coefficient
ON'Y, HadNoshow (0-229; see Table B.1 in Online Appendix
B) implies that no-shows accelerate the attrition rate,
resulting in shorter customer lifetimes. Taken together,
we expect customers’ lifetime value to decline follow-
ing a no-show incident.

We then quantify the reduction in CLV due to no-
shows through a counterfactual analysis. Specifically, we
assume that no-shows are fully eliminated over a six-
month period starting in week 28, during which no-shows
otherwise constitute 3.85% of cleanings. We compare pre-
dicted customer value during the eight-week holdout
period under two scenarios: (1) with no-shows and (2)
with no-shows fully eliminated. We find that elimi-
nating no-shows increases CLV by 1.55%. On a per-
customer basis, each no-show erodes CLV by approxi-
mately 40.2% (x1.55%/3.85%). This result underscores
the need for effective no-show mitigation strategies.

5. Mitigating the Impact of No-Shows

5.1. Effectiveness of No-Show Remedy Strategies
In the previous section, we showed that no-shows sig-
nificantly amplify customer attrition, and this effect is
even stronger for more loyal customers on the platform.
To mitigate the negative impact of no-shows, the plat-
form implements two remedy strategies: (i) issuing a
frustration discount and (ii) same-day restoration. In
this section, we discuss these two remedies in detail and
evaluate their effectiveness.

5.1.1. Frustration Discount. In addition to coupons,
gift cards, and referral discounts, the platform may, at
times, provide a discount to the customer following a
negative service experience, such as a no-show, low-
quality cleaning, or damage to an item in the house.
This discount is referred to as a frustration discount,
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which is captured in the FrustrationDiscountAmount var-
iable. The mean value of this variable is 3.71 local cur-
rency (standard deviation (SD) = 21.5). Conditional on
receiving a frustration discount, the mean of Frustration-
DiscountAmount is 79.7 local currency (SD = 62.6). In our
sample, 20.8% of no-show cleanings receive a frustra-
tion discount.”

5.1.2. Same-Day Restoration. To alleviate the inconve-
nience customers experience due to a no-show, the plat-
form may attempt to arrange a cleaner who would
complete the cleaning later on the same day as the origi-
nal cleaning. We refer to this as a same-day restoration.
The same-day restored cleaning variable, SameDayRes-
tored, is an indicator variable that takes a value of one if
a no-show cleaning is completed on the originally
scheduled date and zero otherwise. In our sample,
36.3% of the no-show cleanings are eventually com-
pleted the same day.

In this section, we evaluate the effectiveness of these
two remedy strategies in mitigating the effects of no-
shows on customer attrition. To analyze whether imple-
menting frustration discounts or same-day restoration
is effective, we interact each of the remedies, Frustration
DiscountAmount; and SameDayRestored,, with the
NoShow; variable. We include the same set of controls as
in Equation (1). The results of these analyses are pre-
sented in columns (1) and (2) of Table 5.

Directly estimating the effect of these remedy strate-
gies can lead to biased results. For example, if the plat-
form is more likely to offer these remedies to customers
for whom it believes they will be more effective, the
effectiveness of the remedies might be overestimated.
Conversely, if the platform offers these remedies when it
believes customers are more likely to leave, the effective-
ness might be underestimated. To address this potential

Table 5. Effectiveness of Remedy Strategies

endogeneity bias, we employ the instrumental variable
(IV) method.

5.1.3. Endogeneity of Frustration Discount. Following
previous literature (Allon et al. 2023, Xu et al. 2023),
we employ an instrumental variable approach using
Hausman-type IVs (Hausman 1996) to address the
endogeneity of the frustration discount variable. We
use the FDOtherCityDate variable as an instrument for
FrustrationDiscountAmount.

This instrumental variable captures the average frus-
tration discount issued to customers in all cities within
the same country, on the same day of the week, and
within the same month, excluding the focal date—city."

For this IV to be valid, it must satisfy the exclusion
restriction and relevance conditions. In our setting,
the complaints arising from negative service experi-
ences, such as no-shows, are handled centrally by the
platform’s country-level customer support team, and
the frustration discounts are issued by this support
team to customers. The exclusion restriction condition
requires that our IV, FDOtherCityDate, will impact our
outcome variable only through its impact on the Frus-
trationDiscountAmount, and this is plausible for sev-
eral reasons.

First, the customer support team operating on a given
day of the week within a month-year is determined in
advance and is independent of service outcomes in any
particular city on a given day, making it independent of
no-shows and customer behavior. Second, we further
construct the instrument in a leave-one-out fashion by
excluding the focal date-city. As a result, variation in
the support team’s aggregate discounting tendency is
orthogonal to local attrition shocks on the focal date—city.
Hence, the instrument should affect customer attrition
only through variation in frustration discounts.

Without IV With IV
@ ) 3 4

NoShow 0.275%** 0.309*** 0.466%* 0.283*

(0.049) (0.056) (0.176) (0.132)
FrustrationDiscountAmount 0.005*** —0.048**

(0.0005) (0.017)
NoShowFrustrationDiscount —0.003* 0.029%

(0.001) (0.016)
SameDayRestored —0.028 0.043

(0.089) (0.334)

Observations 81,959 81,959 81,959 81,959
Log likelihood —39,676.3 —39,740.2 —39,661.5 —29,642.9

Notes. All models include CustomerOrderHistory, Price, and DiscountAmount controls, as well as month-year x
city fixed effects and product-category fixed effects. Robust standard errors are in parentheses. For our IV
estimates, we also implement a cluster bootstrap at the date x city level with 500 replications, and our results
remain robust to inference based on these bootstrap standard errors. Our IV results are also robust to
clustering standard errors at the (i) date X city and (ii) month-year X city levels.

4 < 0.001; *p < 0.01; *p < 0.05; 'p < 0.1.
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We further assess the robustness of our findings to
possible violations of the exclusion restriction using two
additional analyses. First, we include additional con-
trols to capture city-wide shocks that may correlate with
the instrument, thereby strengthening the plausibility of
instrument exogeneity. Second, we implement Conley
bounds, which allow the instrument to have a direct
effect on the outcome and evaluate how sensitive our
conclusions are to deviations from strict exogeneity.
Our findings are robust under both analyses. Details are
provided in Section C.2 in Online Appendix C.

Our IV also satisfies the relevance condition because
both the endogenous variable FrustrationDiscount
Amount and the instrumental variable FDOtherCity-
Date are influenced by the support team’s frustration
discount issuing behavior, including the magnitude of
discounts issued. The first-stage regression confirms
this relevance, with a statistically significant coefficient
for the FDOtherCityDate IV (B, , = 0.251, p <0.001 in
Equation (3a)).

To build the IV for the interaction term (NoShow X
FrustrationDiscountAmount), we interact our instrument
FDOtherCityDate with the NoShow variable following
Wooldridge (2010, p. 133). The first-stage coefficient for
the NoShow x FDOtherCityDate IV is also significant
(Bra,» = 2.196,p <0.001 in Equation (3b)). We implement
the Sanderson-Windmeijer (SW) F-tests to further assess
the relevance of the instruments. The SW F-statistics for
FDOtherCityDate and NoShow x FDOtherCityDate are
37.4 and 130.1, respectively. The first-stage regression
results are presented in Table C.1 in Section C.1, Online
Appendix C.

Using these IVs, we estimate the two-stage residual
inclusion (2SRI) model. The 2SRI method is preferred
over the traditional 2SLS model when the second-stage
estimation is nonlinear, as it produces consistent esti-
mates (Terza et al. 2008, Roy et al. 2021, Pendem et al.
2022). The first-stage regressions are in Equations (3a)
and (3b), and the second stage regression is in Equation
(4). The mean of our instrument FDOtherCityDate is 3.73
local currency (SD = 2.87).

FrustrationDiscountAmount; = ﬁflleoShow,-

+ P, ,FDOtherCityDate;

+ Py, 3 NoShow;

X FDOtherCityDate,

+ )/ﬂX,- + &1, (3a)
NoShowFrustrationDiscount; = ﬁlelNOShowi

+ By, ,NoShow;

x FDOtherCityDate,

+ Py sFDOtherCityDate,

+ nyXi + &2,i, (3b)

where NoShowFrustrationDiscount; = NoShow; X Frustration
DiscountAmount;.

R; = Bs,1NoShow; + Bs 2NoShow;
X FrustrationDiscountAmount;
+ B, sFrustrationDiscountAmount;

+ Bs,aNoShow_Z _resid; + 5 S,SZ_resid,' +yXi+e,
4)

where Z_resid denotes the residuals of FrustrationDis-
countAmount from Equation (3a). They are computed as

Z_resid; = FrustrationDiscountAmount; — FrustrationDiscount

Amount,;, where FrustrationDiscountAmount; is the pre-
dicted value of FrustrationDiscountAmount; from Equa-
tion (3a). Similarly, NoShow_Z_resid denotes the
residuals of NoShowFrustrationDiscount from Equation
(3b). They are computed as NoShow_Z_resid; = NoShow

FrustrationDiscount; — NoShowFrustrationDiscount;, where

NoShowFrustrationDiscount; is the predicted value of
NoShowFrustrationDiscount; from Equation (3b). X
includes control variables CustomerOrderHistory, Price,
DiscountAmount, month-year X city fixed effects, and
product-category fixed effects, as in our main model.
Because FrustrationDiscountAmount and NoShowFrustra-
tionDiscount are continuous, the first-stage models are
estimated by ordinary least squares. Consistent with
the main specification, the second stage is estimated
using a logistic regression.

In the model without the IVs, the coefficient for Frustra-
tionDiscountAmount is positive and significant (8 = 0.005,
p <0.001). However, directly interpreting this coefficient
risks endogeneity bias and could lead to the incorrect
conclusion that frustration discounts increase customer
attrition. The 2SRI estimation corrects this bias—the coef-
ficient for the FrustrationDiscountAmount (B, 5 = —0.048,
p = 0.005) is negative and significant as shown in column
(3) of Table 5. Furthermore, the summation of the coeffi-
cients for FrustrationDiscountAmount and NoShow x
FrustrationDiscountAmount is negative and significant
(B3 + By =—0.020, p=0.052). These results suggest
that in the face of no-shows, providing customers with
frustration discounts can help mitigate the risk of cus-
tomer attrition.

5.1.4. Endogeneity of Same-Day Restoration. We fur-
ther address potential endogeneity in the same-day res-
toration variable. Similar to Allon et al. (2023), we utilize
coworker information as our instrument. Specifically,
we define coworkers as all workers operating in the same
city, on the same day, starting a cleaning at the same
hour. We use the variable OccupancyOtherDistricts as an
instrument for SameDayRestored. The OccupancyOther-
Districts variable measures the number of coworkers
who are occupied in districts other than the focal clean-
ing’s district within the same city.
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OccupancyOtherDistricts plausibly satisfies the exclu-
sion restriction for several reasons. First, cleanings are
scheduled at least one day in advance and prices are
fixed, so demand is known beforehand, and cleaners
independently choose when to work and which clean-
ing requests to accept. As a result, higher-demand days
are unlikely to induce a systematically different composi-
tion of cleaners or alter service quality in ways that
directly affect customer attrition. Second, Occupancy-
OtherDistricts is constructed in a leave-one-out fashion,
so idiosyncratic demand or quality shocks in the focal
district—factors that could directly influence the focal
customer’s attrition decision—do not impact the instru-
ment. Third, we conduct a placebo test to examine
whether OccupancyOtherDistricts predicts customer attri-
tion in the absence of no-shows. If the instrument
violated the exclusion restriction by capturing broader
platform conditions that directly affect attrition, it would
also predict attrition for cleanings without no-shows,
where no restoration decision is involved. Supporting
the exclusion restriction condition, we show that in this
placebo sample of cleanings that are not impacted by a
no-show, OccupancyOtherDistricts does not predict cus-
tomer attrition (8 = 0.00059, p = 0.35).

OccupancyOtherDistricts also satisfies the relevance
condition: when more coworkers are occupied in other
districts, less local slack is available for arranging a
same-day restoration following a no-show. The first-
stage regression confirms this relevance, with a statisti-
cally significant coefficient for the OccupancyOtherDis-
tricts IV (B; , = —0.013, p <0.001 in Equation (5)). The
mean of our instrument OccupancyOtherDistricts is 17.4
(SD=18.9).

Using the OccupancyOtherDistricts IV, we estimate a
2SRI model as follows."" The first-stage and second-
stage equations are given in Equations (5) and (6),
respectively:

SameDayRestored; = f, ; NoShow;
+ B0 OccupancyOtherDistricts;

+YpXi+ e, (5)
R; = ﬁsr,lNoShow,- + B, ,SameDayRestored,
+ ﬁsr13W_resid,z +y,Xi+ €, (6)

where W_resid denotes the residuals for the SameDay-
Restored from Equation (5). They are computed as
W_resid; = SameDayRestored, — p., where p, is the pre-
dicted probability of SameDayRestored, obtained from
Equation (5). Similar to our main specification, the con-
trol variables are CustomerOrderHistory, Price, Discoun-
tAmount, month-year X city fixed effects, and product-
category fixed effects. Because both SameDayRestored
and R are binary, following Terza et al. (2008), we imple-
ment the 2SRI method, estimating logistic regressions in
both stages.

To evaluate the relevance of the IV, OccupancyOther-
Districts, we implement the Sanderson-Windmeijer
(SW) F-test. Although this test is designed for continu-
ous endogenous variables, we follow previous studies
(Kamalahmadi et al. 2021) by treating our binary endog-
enous variable as continuous. The first-stage F-statistic
is 41.87 (p < 0.001), which exceeds the conventional
threshold of 10, indicating that the instrument is not
weak. Table C.1 in Section C.1 in Online Appendix C
presents the first-stage regression results.

In the model without IVs, the coefficient for Samie-
DayRestored is not significant (8 = —0.028, p = 0.75). This
result is consistent with the 2SRI estimation, where the
coefficient for SameDayRestored remains insignificant
(B, = 0.043, p = 0.89) as shown in column (4) of Table 5.

These findings suggest that, in the face of no-shows, sim-
ply finding a substitute cleaner on the same day does not
effectively mitigate customer attrition risk.

5.1.5. Prompt Restoration. Our previous result sug-
gests that same-day restoration does not appear to miti-
gate customer attrition following no-shows. This finding
suggests that restorations that occur later in the day may
still disrupt customers’ plans and hence may not serve as
effective remedies. However, prompt restoration—one
where the platform urgently secures a substitute
cleaner to preserve the customer’s original appoint-
ment window—can potentially be effective. To assess
whether prompt restoration is effective, we explore
whether reassigned cleanings (performed by a substitute
cleaner) that start within one hour of the original sched-
uled time can mitigate customer attrition. However,
securing a substitute cleaner in such a short time frame is
challenging. In our data set, the platform finds a substi-
tute within one hour in only 6% of no-show incidents. To
analyze the impact of prompt restoration on customer
attrition following a no-show, we replace SameDayRes-
tored with OneHourRestored in Equations (5) and (6). The
binary variable OneHourRestored; equals one if the reas-
signed cleaning began within one hour of the original
scheduled time and zero otherwise. We follow the same
IV strategy discussed above. Our results indicate that the
coefficient for OneHourRestored is negative and margin-
ally significant in the second stage (f = —1.89, p = 0.09).
These results suggest that the effectiveness of restoration
may depend on timing: Prompt substitutions can pre-
serve the original appointment window, whereas later
restorations may still cause disruption.

5.2. Optimal Remedy Strategy

The results presented in Section 5.1 underscore the
potential of remedy strategies to recover customers
impacted by no-shows. Specifically, column (3) of Table
5 suggests that offering frustration discounts to custo-
mers who experience a no-show can help mitigate sub-
sequent attrition. Given the relative ease of offering
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discounts, this may be a practical strategy for platforms
seeking to retain customers affected by no-shows.

Service restoration presents a more complex picture.
Our analysis suggests that same-day restoration, by itself,
does not appear to mitigate attrition. Instead, the benefits
of restoration seem to depend on timing: prompt restora-
tion may help reduce the negative impact of a no-show.
Because the platform relies on gig workers without fixed
schedules, prompt restoration is rare, occurring for only
6% of no-shows in our data.

To better achieve prompt substitutions, we propose
implementing a standby worker pool, from which work-
ers can be approached ahead of time for potential last-
minute assignments in case a no-show occurs on a specific
day. Although cleaners’ availability on the day remains
uncertain (as they are independent contractors), preiden-
tifying such workers increases the likelihood of prompt
substitution. To incentivize participation, the platform
can compensate standby workers regardless of whether
they are eventually called upon. Ultimately, worker avail-
ability hinges on the compensation offered for reserving
their time.

We develop an optimization model to help platforms
manage no-shows through the above-mentioned strate-
gies: offering frustration discounts and managing
standby cleaners. Because cleaners typically handle
only one job per day, the natural planning horizon is at
the day level. The sequence of events unfolds as follows.
Cleanings requested on a focal day are revealed and
picked up by cleaners. The platform then forms a belief
about the distribution of no-shows for that day and
determines the optimal strategy accordingly. The plat-
form seeks to maximize the aggregate customer lifetime
value of all customers to be served on that day, a proxy
for profit. They solve the maximization problem to
determine the optimal strategy—asking a certain num-
ber of cleaners to stand by, offering frustration dis-
counts, or combining both. The uncertainty in daily
cleaner absenteeism introduces stochasticity, making
the determination of the optimal strategy nontrivial.

Our empirical findings motivate several key features
of the model. We introduce the notation here and pro-
vide formal definitions in Section 5.2.1. First, customers
are more likely to leave the platform after experiencing
ano-show, as shown in Section 4.1. This increase in attri-
tion lowers customer lifetime value, as shown in Section
4.4, which we capture in the model through the term
07, (1 — B, ). Second, our results suggest that the effect of
no-shows is heterogeneous across loyalty levels: The
attrition penalty associated with a no-show is stronger
for loyal customers (Section 4.3). We capture this hetero-
geneity by classifying customers into high- and low-
loyalty types, 7. € {H,L}. Third, frustration discounts
may help mitigate the impact of no-shows. Specifically,
issuing a nonzero discount d reduces the post-no-show
attrition probability (Section 5.1), which we model as

0., (1 =B, (&, )), where B (d;¢ ) <O0. Finally, as
prompt restoration may help reduce attrition after a
no-show (Section 5.1), we assume that a no-show clean-
ing recovered promptly by a standby cleaner restores
the affected customer.

5.2.1. Model Framework. Consider L cleanings to be
served on a day. A fraction « € (0, 1) end up as no-shows,
where a ~ F,, with mean p, and standard deviation g,.
In practice, a platform can estimate these moments based
on our proposed prediction model.'* We incorporate cus-
tomer heterogeneity by allowing lifetime values to take
one of two types: vy for high (lifetime) value customers'”
and vy, for low-value customers, where vy > v;. Let 7, €
{H,L} denote customer type. A fraction y of cleanings
are requested by high-value customers, and the rest,
1 —y, by low-value customers.

For the (1 —a)L cleanings whose cleaner shows up,
the platform retains the full customer (lifetime) value, v,
and earns a per-cleaning margin of p — m, where p is the
price paid by the customer and m is the commission paid
to the cleaner. We assume p and m are homogeneous
across cleanings. Among the aL no-shows, yaL involve
high-value customers, and the remaining involve low-
value customers. See the “Value from cleanings not
affected by no-show” term in Model (7).

Suppose the platform pays a unit cost p per cleaner to
retain access to standby cleaners. Because cleaners are
independent contractors, their actual availability remains
uncertain on the focal day. Let 5, denote the probability
that a standby cleaner is available when called upon. If
the platform retains C standby cleaners, the number who
are actually available to substitute for absent cleaners fol-
lows a binomial distribution: C ~ Bin(C, B,), which is real-
ized on the focal day.

When a no-show occurs, the platform can assign a
standby cleaner promptly if one is available. In that
case, the cleaning proceeds, the platform collects a price
p, and the customer’s lifetime value v;, remains intact.
The platform pays an additional commission 1, on top
of m, to the standby cleaner. The available standby
cleaners are shared among all customers who experi-
enced no-shows. Therefore, the allocation of available
standby cleaners to high-value customers cannot ex-
ceed min{yaL,C}. The allocation to low-value custo-
mers, z > 0, is limited by both their number of no-show
incidents, (1 — y)aL, and the remaining standby cleaners,
C —y, where iy > 0 denotes the allocation to high-value
customers. See the two k,. “Type-H, standby” and
“Type-L, standby” terms in Model (7). Note that our
model does not assume high-value customers always
receive priority in standby cleaner assignment; the alloca-
tion is endogenously determined by the parameters. If no
standby cleaner is available, no-show materializes; the
focal cleaning does not take place on the originally sched-
uled date. The platform then decides whether and how
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much frustration discount to offer to the affected
customer.

If the platform does not offer a discount following a
no-show, the customer leaves the platform with proba-
bility 8, < 1. We allow for heterogeneous attrition rates
across high- and low-value customers in response to
no-shows. In this case, the future customer lifetime
value becomes v, (1 — ﬁT().14 If the platform offers a
frustration discount, g(d), where d denotes the discount
amount, full customer satisfaction is still not guaran-
teed. See the “Type-H, discounts” and “Type-L, dis-
counts” terms in Model (7). We model this by allowing
attrition risk to decrease to _(d;¢, ) € [0, ], where
i, captures heterogeneity in customers’ responsiveness
to frustration discounts. We assume 8 (d;1), ) decreases
ini, foralld > 0. Asaresult, the optimal discount d; is
also type dependent. The lifetime value of a customer
becomes v (1— B (41, ). We assume g'(d)>0,
ﬁ;c (d; yl)Tc) < 0, and that g(d) — co and B.. (d; ngC) — 0, as
d — co. Additionally, B (0;¢, ) =, g(0) = 0. The plat-
form needs to decide both the number of standby clea-
ners to retain and the optimal discount amount for high-
and low-value customers. That is,

max E,c l k(1 —a)yL+ k(1 —a)(1 —y)L
CeZ*u{0}

Value from cleanings not affected by no-show

+ ko, HY
——

Type-H, standby
+ (yaL —y)(ou(l - By (du; y)) — 8(dn))

Type-H, discounts

max
0<y<min{yaL,C}, dy>0

+ ko, LZ

maXx
0<z<min{(1-y)aL,C—y}, d >0
Type-L, standby

+ (A =y)al —2)(o(1 - B (dL; ;) — g(dL))] H

Type-L, discounts

uc ,
~—
Cost of standby cleaners
where k; =v, +p—m and k, . =k, —m,; y=>0 and
z > 0 determine the allocation of standby cleaners across
customer types.

5.2.2. Solution Characterization. We solve for the opti-
mal remedy strategy (E*,y*,z*,d;c) from the model
above. For ease of notation, we let s;_ (d) := s(d;gbfr) =
vr (1 =B, (¢, )) —g(d) denote the value recovered
through a frustration discount 4 from customer type 7.
We assume s.(d) is concave in d for d > 0. Further denote
—1. as the opposite customer type. That is, —H =L
and —L =H.

Proposition 1.
The optimal remedy strategy has the following form.
1. The optimal solution to the maximization problem is
characterized as follows.
(a) The optimal frustration discounts to offer are
d; =arg maxg, >0 S¢,(dr; P, ).
(b) Suppose km > s, (d; ) and ko, — su(d;;) >

oL — sL(dL) There is an optzmal C',and
C’ = arg max <M1(SIC (d;[))(‘BSE
CeZ*u{0}

- [ EOL e
ML [ Fall b

+AhGnW;L9)—uE>,

where he(x) =P(C 2 x) in which C~ Bin(C,B,), and
M;(-), i€ {1 2,3} are functions of parameters. Furthermore,
for any realization of « and C, y*=min{yal,C} and
z' =min{(1 — y)aL,C — y*}. That is, high-value customers
are prioritized over low-value customers in getting a standby
cleaner.*®
2. We conclude the following properties of the optimal
solution (C',d, ).
(a) Lef W, = {¢, |
all, €W, d =0.
(b) Given Y_., for any sujﬁczently large u, 31/;
(u), such that whenlp >1/) (W), C =0.

—0.. B (0;9,) < g (0)}. For

We relegate all proofs to Online Appendix D. The
structure of the optimal remedy strategy suggested by
Part 2 of the proposition follows these tradeoffs: If the
marginal net benefit of offering the first unit of discount
is nonpositive, no discounts should be offered. If the net
benefit of keeping standby cleaners does not outweigh
the net benefit of offering discounts, no standby cleaners
should be retained. Although these general intuitions
are clear, how these net benefits are driven by different
parameter combinations is not trivial.

5.2.3. Numerical Studies: Optimal Remedy Strategies.
To illustrate the actionable insights our model can pro-
vide, we conduct extensive numerical studies to generate
tailored optimal remedy strategies across substantial
parameter heterogeneity among service platforms. Plat-
forms may differ in key characteristics such as customer
responsiveness to discounts, customer type-mix, standby
worker availability and cost, and no-show predictability.
As shown in Proposition 1, all these factors, captured by
parameters including v, v, 1, B, ,, and o,, collectively
shape platforms’ optimal decisions.

The numerical results are shown in Figure 1. Consider
Figure 1(a). We fix cleaner availability at . =0.9, the
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Figure 1. Optimal Remedy Strategies Tailored to Customer and Platform Characteristics
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Notes. This figure plots platforms” optimal remedy strategies under varying parameters. We numerically solve model (7) to determine the opti-
mal remedy strategy. In each subplot, we fix f_ and y as indicated in the subplot title. Other model parameters (L, vy, vr, p, m, 1o, By, B,y Oa)
are calibrated from our data and empirical findings (see Online Appendix E). We assume a ~ Unif and s, (d) = v, (1 — B_exp(—, d)) —d. For
each subplot, we fix ¢y =0.0005 and vary standby cleaner price { and customers’ responsiveness to frustration discounts, ¢ .

share of high-value customers at y = 0.8, and set low-
value customer responsiveness to ¢, = 0.0005. The panel
plots a platform’s optimal strategy for different values of
u and ¢;. When 1, is low, frustration discounts are inef-
fective, and the platform relies solely on standby cleaners,
as shown in Proposition 1(2(a)). As ¢, increases, custo-
mers’ responsiveness to frustration discounts increases
and discounts become more cost-effective, leading to a
shift toward a hybrid strategy. Eventually, beyond the
threshold ¢;, it becomes cheaper to forgo standby cleaners
entirely and rely on post-no-show discounts, as shown in
Proposition 1(2(b)). This threshold depends inversely on
The higher the cost of retaining standby cleaners, the less
customer responsiveness is required to justify a discount-
only strategy. These shifts are reflected in the transition
from light to dark gray regions in the figure.

This fundamental tradeoff between discount effective-
ness and standby costs manifests consistently across all
parameter combinations, although with important varia-
tions in regions of optimal strategy. Comparing scenarios
with high standby cleaner availability (8, = 0.9) versus
low availability (8, = 0.3)—for instance, Figure 1(a) ver-
sus Figure 1(e), and Figure 1(b) versus Figure 1(f)—reveals

thatlower availability substantially diminishes the via-
bility of the standby cleaner strategy. Specifically, the
region in which the platform chooses to retain standby
cleaners shrinks considerably, because uncertainty
about cleaner presence renders discounts compara-
tively more cost-effective. Similarly, the proportion of
high-value customers significantly influences optimal
strategy selection. Comparing Figure 1(a) versus Fig-
ure 1(c) and Figure 1(e) versus Figure 1(g), platforms
with predominantly high-value customers (y =0.8)
should more aggressively retain standby cleaners than
those with fewer of these customers () = 0.2). The bottom-
right panel, Figure 1(h), highlights an important boundary
case where neither remedy is justified. When standby labor
costs are prohibitive and customers exhibit minimal dis-
count responsiveness, the economically rational choice is
to accept customer attrition without intervention.

Note that regions labeled “Standby Only” or “Standby
+ Discount” in Figure 1 indicate that retaining standby
cleaners is optimal, but the specific optimal number to
retain varies. Figure 2 illustrates the optimal number of
standby cleaners under various parameter combinations.
Whereas lower unit costs of standby cleaners (1) increase
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Figure 2. Optimal Number of Standby Cleaners on Standby Cleaner Availability
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Notes. This figure shows the optimal number of standby cleaners to retain for different values of standby cleaner availability f,. Each subplot
presents results under two customer mix scenarios: y = 0.2 (predominantly low-value customers) and y = 0.8 (predominantly high-value custo-
mers). Aside from y, ¢, and ¢, as shown in the subplot titles, all other parameters follow the same values used in Figure 1.

optimal standby cleaner C_ as expected, the relationship
between cleaner availability (8,) and optimal standby
cleaner pool size follows a notable nonmonotonic pat-
tern. At low availability levels, investing in standby clea-
ners becomes inefficient due to the low probability of
their actual presence, whereas at high availability levels,
the marginal benefit of additional standby cleaners
decreases due to reduced variability in turnout rates.
These two forces result in the observed inverted U-shape.
This nuanced interaction between cleaner availability
and unit costs highlights the challenges platforms face
when designing remedy strategies and demonstrates the
practical value our analytical model can provide.

Our numerical analysis uses a single-day planning
horizon and a single-city context. However, a service
platform can adapt the planning horizon and geograph-
ical constraints to suit its needs. For instance, if the
results from our prediction model indicate that morn-
ings are particularly susceptible to no-shows, the plat-
form can consider planning for standby cleaners
specifically for the morning. Our model is flexible
enough to accommodate various remedy planning
scenarios.

Specifically, the optimal strategy for our focal platform
is to keep seven standby cleaners prioritized for high-
value customers, extend a 65 LC discount (54% of the
per-cleaning price) to high-value customers, and issue no
discounts to affected low-value customers. The para-
meters used for this analysis are presented in Online
Appendix E. On average, compared with taking no
action at all, the optimal remedy strategy allows our plat-
form to recoup 1.2% of total customer lifetime value. The
gain is not negligible, considering that only 3.51% of
cleanings are affected by no-shows.

Thus far, we considered only short-term impacts, and
our current model does not capture long-term platform
losses from no-shows. To address this, we construct a
two-stage model to examine how no-shows affect long-
term platform size and revenue. Comparing scenarios
with and without remedy strategies, we find that remedy
strategies, such as retaining standby cleaners, can signi-
ficantly mitigate compounding revenue losses. These
results reinforce the importance of service failure recov-
ery strategies for platform sustainability and growth.
Detailed analyses of these long-term dynamics are pro-
vided in Online Appendix G.

6. Conclusion

No-shows are pervasive across service industries, yet
their consequences remain underexplored—particularly
in online-to-offline service settings where each customer
is matched one-to-one with a single service provider.
Drawing on granular transaction data from a European
home-cleaning platform, our study fills this gap. Our
findings show that service provider no-shows signifi-
cantly increase customer attrition, with loyal customers
exhibiting heightened sensitivity to these service failures.
Beyond customer attrition impacts, no-shows substan-
tially reduce customer lifetime value.

Our analysis further indicates that predicting no-shows
is challenging, highlighting the critical importance of
effective postincident remedy strategies. To this end, we
examine the effectiveness of two remedy strategies and
find that offering discounts can alleviate customer attri-
tion following no-shows, but simply restoring the clean-
ing for the same day seems ineffective. Building on these
empirical insights, we develop an analytical framework
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that platforms can calibrate using their own data to deter-
mine optimal remedy strategies.

The findings of our study can be naturally extended to
other online-to-offline home-service platforms involving
gig workers—plumbing services booked through Angi,
appliance installation arranged via TaskRabbit, electri-
cian visits scheduled on Urban Company, or home clean-
ing services booked through Handy. In these settings, the
core ingredients remain unchanged; a gig worker is
matched to one household task for a specific date and
time of service, and customer decision processes are also
similar to those in our study. After a customer specifies a
service request, they are matched with a service provider.
Importantly, the platforms do not assign service provi-
ders to service requests, and service providers have
autonomy on when and where to work. On the day of
the service, either the service takes place as promised, or
the service provider is absent. Customers then decide
whether to return to the platform for future purchases or
to churn.

Because these companies operate similarly to our
focal platform, they can leverage our insights to combat
no-shows effectively. Our study offers a comprehensive
framework that quantifies the impact of no-shows on
attrition and CLV, estimates cleaning-level no-show
probabilities, and finally inputs these parameters into
an optimization model to design tailored remedy strate-
gies using platforms” own data. The magnitude of these
calibrated parameters might vary across different plat-
forms. For example, service providers may exhibit dif-
ferent no-show rates and varying levels of no-show
predictability in different settings. Customers may also
respond differently to remedy strategies. Although a
missed home cleaning can often be rescheduled to a
later time in the day or another day with a frustration
discount, a plumber’s job is typically more urgent; one
cannot leave a water leak unattended for hours or days.
This urgency makes a plumber’s no-show more disrup-
tive and harder to offset with a simple discount or
a same-day restoration, making prompt restoration
through standby service providers critical. Differences
in job urgency, therefore, lead to differences in the rela-
tive effectiveness of remedy strategies. On the provider
side, outside options might differ: Cleaners may face a
different opportunity set than handymen, resulting in
variation in standby provider costs and availability.
These parameter variations represent quantitative
rather than qualitative differences across customers, ser-
vice providers, and platforms.

Our managerial insights can be generalized to many
settings, but our study is not without limitations. Ideally,
a true randomized experiment—intentionally assigning
some cleanings to be no-show incidents—could improve
the internal validity of our estimated effects. However,
deliberately degrading the service would undermine

both the customer experience and the success of the plat-
form, rendering such randomization infeasible. Nonethe-
less, future studies could examine a broader set of
remedy strategies by randomizing restoration policies
across no-show events and evaluating their effectiveness
through field experiments.

In addition, implementing the optimal remedy strate-
gies we propose might entail several operational chal-
lenges. First, ensuring a prompt dispatch of a standby
service provider could be inherently difficult in gig
worker settings, because these workers control their
own schedules. Our model probabilistically captures
the availability of standby cleaners, but real-time assign-
ment of standby cleaners to no-show cleanings in a short
window can be challenging. Second, adjusting the
standby cleaner pool on a daily basis might introduce
an operational burden on the platform. In this regard,
platforms can implement our framework for longer
time horizons. In such cases, our model can be extended
to take into consideration the dynamic revelation of
no-shows and the dynamic allocation of standby service
providers to no-show incidents. Moreover, if platforms
can predict no-shows, they could implement preemp-
tive interventions, such as proactively contacting clea-
ners identified as high-risk for absence. These
preventive measures can significantly reduce the costs
of combating no-shows. Even so, maintaining a standby
cleaner pool remains valuable because it enables
prompt replacement when an absence occurs. There-
fore, we propose that combining such preventative tools
with mitigation strategies can help platforms develop
doubly robust strategies to manage no-shows.

We hope that our study encourages future research on
service failure and its recovery, especially in gig economy
settings. For example, although our focal platform does
not impose monetary penalties on service providers for
no-shows, future research could explore the implications
of such penalty mechanisms. On the one hand, penalties
might serve as a preventive measure that deters absentee-
ism; on the other hand, they could reduce the supply of
gig workers on the platform in the long run. This
nuanced interaction between deterrence and supply
effects presents an opportunity for future studies to
examine comprehensive worker management strategies
that platforms can implement in the face of no-shows.
Our paper specifically focuses on service provider
no-shows, but the underlying framework is generalizable
to other service failures and a broader range of remedy
strategies, offering a springboard for future research in
this understudied area of service operations.
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Endnotes

1US. Bureau of Labor Statistics (2022) Absences from work of
employed full-time wage and salary workers by occupation
and industry. Accessed March 2, 2026, https://www.bls.gov/cps/
aa2021/cpsaat47.htm.

2 Throughout the paper, we use no-show and absenteeism
interchangeably.

3 Grand View Research (2022), Online On-demand Home Services
Market (2022-2030). Accessed March 2, 2026, https://www.
grandviewresearch.com/industry-analysis/ online-on-demand-home-
services-market-report.

4 For 179 no-show cleanings, the ID of the absent cleaner is missing.
Results remain robust when these cleanings are excluded.

® One of the observations in our sample has a missing price value
and thus was dropped from our analysis.

8 Throughout the paper, we refer to this event interchangeably as
“leaving the platform” or “discontinuing use of the platform.”

”We interpret the estimate, 0.296, in terms of the change in attrition
probability. Specifically, for each observation, we predict the proba-
bility of attrition twice—once setting the no-show indicator to one
and once setting it to zero—while holding all other covariates at
their observed values. We then take the percentage difference between
these two predicted probabilities and average this difference across all
observations in the sample. This procedure directly yields the average
percentage change in attrition probability associated with a no-show.
Our estimate implies that experiencing a no-show is associated with a
25.6% increase in the customer attrition probability.

8 We use Python’s XGBoost package for the estimation. XGBoost
has shown strong predictive performance (Clarke et al. 2020).

9 The platform fully absorbs the cost of the frustration discount, and
cleaners’” incomes are not affected by the discount.

10 Bor example, if cleaning i occurred on Tuesday, August 20, 2019,
in city Al of country A, the instrument captures the average frustra-
tion discount issued in country A on all Tuesdays in August 2019,
excluding city Al on August 20, 2019.

" The SameDayRestored remedy is only relevant in case of no-shows.
Therefore, it is perfectly collinear with the SameDayRestored x NoShow,
and we cannot separately identify this interaction term.

12 Each cleaning is associated with a predicted no-show probability,
¥/, from the XGBoost prediction model. Assuming conditional inde-
pendence of no-shows across cleanings (after controlling for month-
year x city fixed effects), the expected no-show rate is L™ Vi

and the standard deviation is /L2, 7,(1 — 7).

3 The high lifetime value customers should reliably align with
more loyal customers of the platform.

1411 this specification, because v, _ is the customer lifetime value,
we implicitly assume that the baseline attrition rates of high and
low-value customers are already accounted for in the lifetime value
s, Therefore, the interpretation of _ is the additional attrition rate
among type 7. customers induced by no-shows.

15 We present the proposition and numerical analysis in the main text
based on conditions k,, ¢, > s+, (d; ) and ko, 1 — su(dy;) > ko1 —s.(d} ) be-
cause these conditions are satisfied by parameters calibrated from our
data.

'8 Note that our model (7) does not assume the platform always
gives high-value customers priority access to standby cleaners.

When ko7, s (d;) and ko —su(dy) <k, —sp(dy), the platform
reverses prioritization; low-value customers receive standby clea-
ners first.
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