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Online Appendix for No Call, No Show: Impact of No-Shows on Customer Attrition in Online-to-Offline
Services

Nil Karacaoglu and Simin Li

Appendix A: Additional Analyses for Sections 3 and 4
A.1. Summary Statistics

In Section 3.1, we introduce our dataset.! The summary statistics for our sample are as follows:
Table A.1 Summary Statistics

Variable Mean SD Min Max
R 0.33 047 0 1
NoShow 0.04 0.18 0 1
CustomerOrderHistory 6.41 14.69 0 247
Price 119.45 71.30 19 800
DiscountAmount 27.02 41.85 0 452

A.2. Robustness Analyses

A.2.1. Matching. Our main identification strategy leverages quasi-experimental variation in no-shows to assess
their impact on customer attrition. In an ideal experiment, the platform would randomly assign no-shows to cleanings,
ensuring that cleaners assigned to specific cleanings deliberately do not show up. However, such randomization is
impractical because it would deliberately degrade the customer experience and the long-term success of the platform.

As demonstrated in Section 4.2.1, accurately predicting no-shows is challenging, with our XGBoost model achiev-
ing only a limited predictive performance, despite including a broad set of features that capture customer characteris-
tics as well as other features that could impact customer attrition. This finding strengthens our identification strategy
and reduces endogeneity concerns: it indicates that factors such as customer characteristics, which impact customer
attrition, are not simultaneously strongly associated with the likelihood of no-shows.

To ensure further comparability between treatment (cleanings that experienced no-shows) and control cleanings
(those without no-shows), we employ a matching algorithm as a robustness check. Specifically, we match cleanings
that experienced no-shows to those that did not based on observable characteristics that might influence customer
attrition and no-show probabilities. By minimizing covariate imbalance, our approach reduces bias from observable
differences while using these variables as proxies for potential unobserved factors. This strengthens our ability to
attribute differences in customer attrition to no-shows rather than to pre-existing disparities across treated and control
observations. Importantly, as all covariates are measured before the cleaning occurs, the matching relies solely on
pre-treatment information: the “treatment” itself—whether the cleaner is absent or not—materializes only afterward.
Matching on pre-treatment characteristics is widely used in the operations management literature to create comparable
treated and control groups in settings such as retail (Jain and Tan 2022) and ride-sharing (Cohen et al. 2021).

We implement one-to-one propensity score matching without replacement with a 0.1 caliper and common support
to match each treated cleaning with the closest untreated cleaning according to covariates X;. These covariates include

customer characteristics in cleaning i, such as the number of orders received by the customer up to the focal cleaning
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(CustomerOrder History), the customer’s total spending on the platform up to the focal cleaning (T'otal Spending),
and the cost of the focal cleaning (Price). Moreover, we also include covariates that are identified as the top three
features in our prediction model: these include the total number of cleanings the originally matched cleaner has com-
pleted up to the focal cleaning (CleanerTotalCleaning), the total number of cleanings they completed in the last 30
days up to the focal cleaning (CleanerCleaning30Days), and the total number of no-shows of the cleaner up to the
focal cleaning (Cleaner NoShowHistory). In addition, we exactly match each cleaning with another that took place
in the same city for the same product category during the same month-year to further control for product type, local
and temporal factors that could potentially affect both no-show events and customer attrition.

We conduct several analyses to verify the quality of our matching algorithm. First, we compute standardized mean
differences (SMDs) for all covariates in X; before and after matching. We observe that all post-matching SMDs are
significantly below the commonly accepted threshold of 0.1 (Austin 2009), indicating good balance. Second, t-tests
further confirm that the characteristics associated with treated and control cleanings are similar after matching. All t-
test p-values exceed 0.05 (minimum p-value = 0.15), indicating no statistically significant differences between treated
and untreated cleanings in the matched sample.

When we reestimate our main specification described in Equation 1 on the matched sample, we observe that the
effect of no-shows on customer attrition remains positive and significant. Finally, we conduct additional robustness
analyses to assess the sensitivity of our results to different matching specifications. These analyses include using an
alternative caliper size (0.2 instead of 0.1), and implementing one-to-three matching instead of one-to-one. The results
of these alternative specifications remain consistent with our main findings. Collectively, these robustness checks
reinforce our main result that customers are significantly less likely to return to the platform following a no-show

event.

A.2.2. Alternative Outcome Variables and Specifications. In our main analysis, we examine the impact of no-
shows on customer attrition by assessing whether customers place subsequent orders after a cleaning service. Because
our dataset ends in February 2020, right-censoring may occur, and customers intending to return later could be mis-
classified as having churned. To address this issue, we supplement our main analysis with a series of robustness
analyses that indicate that our findings remain consistent when using alternative specifications and customer attrition
measurements.

First, as an additional robustness check, we implement survival analysis, a methodology widely applied in customer
retention studies due to its capacity to handle right-censored data. Specifically, we estimate an accelerated failure time
(AFT) model. The AFT model is a flexible model that does not assume proportional hazard rates (Kalbfleisch and
Prentice 2002). The AFT model assumes that the survival function S(¢|X) at time ¢ is a function of covariates X . The
model is specified as follows: log(t;) = (8X; +¢;) where t; denotes, for the customer who requested the cleaning i, the
number of days that have elapsed since the customer’s first cleaning on the platform. Similar to our main specification
in equation 1, X; includes the following covariates: NoShow, DiscountAmount, CustomerOrderHistory, Price, month-
year x city fixed effects, and product-category fixed effects. We estimate a Weibull AFT model. Our results remain
robust under alternative distributions such as the lognormal. In this model, the coefficient 3 quantifies the effect of
variables on the customer survival time on the platform. Consequently, a significant negative coefficient for NoShow

indicates that experiencing a no-show is associated with shorter observed customer tenure on the platform.
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In this analysis, we observe that the coefficient for NoShow is negative and significant. This finding is in line with
our main result and provides additional support for the conclusion that no-shows increase the likelihood of customer
attrition.

Second, we conduct two additional robustness analyses to further assess robustness to right-censoring. In the first
approach, we exclude cleanings that took place in the last 90 days of our dataset so that every customer has a minimum
of 90 days (three months) to return after a cleaning while maintaining our main dependent variable. This length of
inactivity period, and even shorter periods such as 1 month and 1 week, are common benchmarks in both industry
reports and academic literature when measuring customer attrition (Neslin et al. 2006; Lemmens and Gupta 2020).
Notably, our data indicate that the 90th percentile of the time between consecutive cleanings among customers who
return is 78 days. Hence, a 90-day window is a reasonable cutoff in our setting. We estimate equation 1 after excluding
the last three months of our dataset. Our analysis shows that the coefficient for NoShow is positive and statistically
significant, in line with our main findings.

In our third approach, we modify our definition of customer attrition. We define R90;, a binary variable that equals
1 if cleaning ¢ occurs before the final 90 days of our dataset and the customer does not receive any subsequent service
within 90 days, and 0 otherwise. Consistent with the previous analysis, we exclude cleanings that occur in the final 90
days of our observation period.”> We reestimate equation 1 with this alternative dependent variable while including the
same set of control variables described previously. The result of this analysis aligns with our main finding: no-show
events significantly increase the odds of customer attrition within a 90-day window.

Overall, all three analyses show that no-show events significantly increase customer attrition. These analyses provide

further support that our findings cannot be explained by right-censoring.

A.2.3. Placebo Test. Following Staats et al. (2016), Song et al. (2017), and Jain and Tan (2022), we conduct
placebo tests to ensure that the structure of our dataset or model misspecification does not drive our findings. For
this analysis, we randomly assign placebo no-show events to different cleanings and reestimate the specification in
Equation (1). We repeat this randomization and analysis 1000 times.

In these placebo analyses, we find that 962 out of the 1000 placebo coefficients are not statistically significant at the
5% level. The placebo estimates are symmetric around zero (mean placebo estimate is -0.0008). Importantly, none of
the placebo estimates in our analysis is larger than our estimated main effect. This analysis provides reassurance that

neither our model nor the structure of our dataset explains the observed effects.

A.2.4. Alternative Mechanisms: Disintermediation. Disintermediation—where service providers and customers
bypass the platform and transact offline—remains a challenge for many service businesses. Our platform withholds
contact information and disallows messaging between cleaners and customers to impede communication between
cleaners and customers on the app. However, disintermediation could still occur if the parties meet in person.

A specific concern for our study is that some instances recorded as “no-shows” might actually represent cases where
cleaners arrived at customers’ locations but then proposed off-platform transactions.? If such behavior were prevalent,
it could simultaneously result in an apparent no-show and subsequent customer attrition, potentially confounding our
results.

To explore this, we conduct two robustness analyses. First, we control for cleaners’ no-show histories in the main
specification described in Equation 1. The rationale is that if certain cleaners systematically engage in disintermedi-

ation that is masked as no-shows, their historical record would control for this tendency. The result of this analysis
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is very similar to our main analysis.* This finding indicates that individual cleaner propensities to use no-shows as a
disintermediation strategy do not drive our results.

Second, we restrict our analysis to no-show incidents that were followed by same-day restoration—that is, we only
retain no-shows for which the customer received the cleaning service through the platform on the same day as the
initial no-show and exclude all other no-show instances.’ This approach aims to isolate no-show events where disin-
termediation is unlikely to have occurred, since customers who receive off-platform service are unlikely to reschedule
and receive the cleaning through the platform on the same day. For this subsample, we estimate the model described
in Equation 1. We find that the estimate for no-show is very similar to the main specification, further supporting the
conclusion that the observed relationship between no-shows and customer attrition cannot be explained by disinterme-

diation.

A.2.5. Details on Prediction Model. In this section, we discuss the features that are included in our prediction
model and the details of model selection.

For the cleaner, we measure activity on the platform by tracking total cleanings completed before the current clean-
ing. In addition, we separately compute this metric for the past 7, 15, and 30 days. We also measure the cleaner’s
no-show history (i.e., the total number of no-shows before the focal cleaning) and the fatigue level (measured as the
number of days since the last service the cleaner completed), and the geographical distance between the customer and
the cleaner.

For the customer, we include the total number of orders before the current cleaning, tenure on the platform (measured
by the number of days since their first cleaning on the platform), and total spending before the current cleaning.

For the cleaning itself, we include the scheduled start hour, urgency (measured by the days between the customer’s
order date and the requested service date), month-year x city controls for the month-year X city of the service, product
category, whether any extra services are requested, extra service types, whether there are any pets in the house, price,
discount amount, and weather conditions on the day of service including temperature, precipitation, snow depth, wind
speed, and visibility.

Model Selection. In our sample, 3.51% of the observations are no-shows. We estimate gradient-boosted trees
because they constitute a state-of-the-art prediction method due to their outstanding performance on sparse datasets.

As our outcome variable is binary, we define the objective function as a logistic loss function. We set the learning
rate 1) equal to 0.1 and use an 80/20 training/testing split. To select the optimal hyperparameters—including maximum
tree depth, minimum child weight, column ratios, row subsample ratios, partition penalty, and weight penalty—we
perform a grid search over the set {3,4,5,6} x {1,2} x {0.6,0.8,1} x {0.8,1} x {0,4,8} x {0,1,2} using 10-fold
cross-validation.

For each fold, we identify the hyperparameter vector that minimizes the out-of-sample loss function value. We then
select the final hyperparameter vector corresponding to the global minimum loss function value across all folds. After
determining the best hyperparameter values, we retrain the model on the full training set (80% of the data) and evaluate
its predictive performance on the holdout set (20%).

Given the sparsity of no-show events, we evaluate model performance using the F1 score. The F1 score, which cap-
tures the performance of both precision and recall, gives a better and more transparent picture of the prediction model’s
performance in sparse datasets. In contrast, other metrics not accounting for data imbalance might give misleading

performance scores (Jeni et al. 2013).
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Results. The F1 score of our prediction model is 0.27, indicating limited predictive performance. The most pre-
dictive features are cleaner related. Specifically, the top three features are the cleaner’s no-show history (positively
correlated with no-shows), the total number of cleanings the focal cleaner completed before the focal cleaning (neg-
atively correlated with no-shows), and the number of cleanings the cleaner completed in the past 30 days (negatively
correlated with no-shows). Although these three features provide the most signal, the overall performance of the model
is poor: an F1 score of 0.27 is much lower than the rule-of-thumb threshold of 0.7, the threshold which indicates strong

predictive performance. This result underscores the inherent difficulty of predicting no-shows ex ante.
Appendix B: Details of the Customer Lifetime Value Model

In this section, we first provide an extensive discussion about the extended pnbd model for purchase and attrition, the
Gamma-Gamma model for spending. Next, we provide details about the model implementation, model selection, and
goodness-of-fit checks.

Repeat Purchase and Attrition Model. To model customers’ repeat purchases and attrition, we use an extension of
the Pareto/negative binomial distribution model (PNBD). 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). In
PNBD, customers can be in one of the two states: “Alive” or “Dead” (churn). When alive, customer 7’s purchases
follow a Poisson process with rate \;; she stays alive for a lifetime whose length follows an exponential distribution
with rate p;. A; and p; follow two different and independent Gamma distributions.

We implement an extended PNBD framework developed by Bachmann et al. (2021) that incorporates time-varying
variables in the rates of the Poisson purchase process and the exponentially distributed lifetime. Specifically, cus-
tomer ¢’s purchases (cleaning requests in our case) follow a nonhomogeneous Poisson process with time-varying rate
Ai(t) = Aoexp(y, X)), and her lifetime follows an exponential distribution with rate ju;(t) = po exp(7,X;;). The
covariate vectors X7, can include time-varying variables. The baseline purchase and attrition rates are independently
distributed according to gamma distributions: Ay ~ T'(r, @), o ~ IT'(s, 8). The individual likelihood is then constructed
as the product of two components: the density of the inter-purchase times and a survivor function that evaluates the
customer’s probability of being alive beyond their last observed transaction. The parameters © := (7, a, s, 3,74, 7, ) are
estimated by maximizing the likelihood across all customers. Estimation of the purchase process parameters relies on
variation in inter-purchase times within and across customers, while attrition parameters are estimated from variation
in recency (i.e., time from last purchase to end of observation), conditional on purchase history.

This extended model suits our purposes because our covariate of interest—customer ¢’s no-show incidents—can
vary over time. We include whether customer i experienced a no-show by time ¢ in both X%, and XZ. Following
Bachmann et al. (2021) and references therein, our main specification further includes seasonality at time ¢ in X7, to
capture aggregate temporal shocks that may affect purchasing behavior. We also incorporate customer ¢’s cumulative
spending by time ¢ into the attrition process.” With the estimated parameters, two key metrics are derived from the
model: 1) the probability of a customer being alive after time 7" given her past purchase history, and 2) if alive after
time 7', the expected number of purchases made between 1" and a future time 7" > T'. These two components together
determine the customer’s conditional expected number of purchases during (7',7").

Spending Model. We estimate the mean spending per transaction, M, for each customer through the Gamma-

Gamma model proposed by Fader et al. (2005) and Colombo and Jiang (1999). The spending model is estimated
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independently from the extended PNBD model. For each customer ¢, her spending per transaction, z; are assumed to
be i.i.d. gamma random variables with shape parameter p and scale parameter v. To capture customer heterogeneity
in the average transaction value across customers, the model further assumes v follows a Gamma distribution, v ~
I'(g, ). Given that customer i’s observed average spending per transaction is m, = ,_, z; /2 over  transactions,
we can derive the density function of m, for each customer. The parameters (p, g, ) are estimated by maximizing
the likelihood function, defined as the product of individual densities of m,. With the estimated parameters, we can
then derive the posterior distribution of v, and compute the expected mean spending per transaction conditional on
individuals’ observed = and m,, E[M|m,, z]. Note that we assume customers’ average spending per transaction is not
affected by no-show incidents.

The model-predicted CLV during (7,7") for each customer is then calculated as the product of two terms: the
conditional expected number of purchases during (7,7") estimated from the purchase and attrition model and the
conditional expected mean spending per transaction from the spending model.

Estimation and Goodness-of-fit. Following the literature (Bachmann et al. 2021), we aggregate our data to
customer-week level, where ¢ denotes week ¢. We implement both models using the pnbd function in R package “CLV-
Tools” (Bachmann et al. 2022). We calibrate our models with data from the first 52 weeks (i.e., one year, T' = 52) (as
indicated by the dashed line in Figure B.1), and predict over the remaining 8 holdout weeks (i.e., end of our observed

data, 7" = 60). Estimation results of this model are presented in Table B.1.

Parameter r (&7 S 6 Ya ,HadNoShow Ya ,SpendingSoFar /Yp ,HadNoShow ’Yp ,Seasonality
Estimate  0.363%%% 5971%%*% (),880%** 28.834*** (2291 -0.138*** -0.109%*  0.095%**
(s.e.) (0.009) (0.214) (0.143) (6.638) (0.127) (0.028) (0.035) (0.007)

Table B.1 Extended PNBD Model Estimates
This table reports the estimates solved from the extended pnbd model using the pnbd function from the CLVTools R package
(Bachmann et al. 2022). Parameters 7, «, s, and [ control the gamma distributions of interpurchase times and dropout risks.
The ~ parameters represent time-varying covariates influencing purchasing behavior and attrition risk. Model selected based
on BIC as in Bachmann et al. (2021). *** p<0.001, ** p<0.01, * p<0.05, t p<0.1.

Before proceeding to the counterfactual analysis, we first assess the model’s predictive accuracy. Following Bach-
mann et al. (2021), we compare model predictions to actual outcomes for two key metrics: 1) the number of purchases
during the holdout period, and 2) total customer spending during the holdout period. Actual spending serves as the
realized CLV, against which we compare model-predicted CLV. As our primary goal is to understand how no-shows
influence purchase and attrition behavior, and therefore CLV, these two metrics directly capture the outcomes most
relevant to our analysis. We visualize the model fit in Figure B.1.

The top-left panel plots the number of observed transactions during the estimation period (first 52 weeks) on the
horizontal axis. Customers are grouped by their total number of transactions (that is, 1, 2, ..., 10+). The vertical axis
shows the average number of transactions during the holdout period for each group, with separate points and curves for
actual (black) and model-predicted (grey) values. The top-right panel follows the same logic but compares spending.
The horizontal axis shows each customer’s realized CLV during the estimation period, and the vertical axis shows
CLV during the holdout period. The close alignment between actual and predicted values suggests that the model

captures key patterns in customer spending. Furthermore, the correlation between actual and predicted holdout-period
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Figure B.1 CLV Model Fitting Diagnosis

This figure plots the observed (black curve) and predicted (grey curve) number of transactions and cus-
tomer lifetime value to visualize the goodness of fit of our CLV model. Note that to make sure each
customer has enough transaction history for modeling, we include only customers whose first cleaning
happened before June 27, 2019 (half a year after beginning of the dataset in Dec 2018) in the CLV mod-
eling, which contribute a total of 43, 278 transactions. To construct this figure, we ignore the customers’
order history prior to December 2018. We follow the examples in Bachmann et al. (2021) and aggregate
our data to customer-week level for this analysis. The dashed line indicates the start of the prediction
period. This figure suggests that the CLV model fits our data well.

transactions is 0.77, and the correlation between total customer spending and predicted CLV is 0.74. For reference,
Bachmann et al. (2021) report correlations around 0.60 in their examples.

To further assess model performance at the platform level, we aggregate individual predictions across all cus-
tomers. Platform-level model fit is supported by the bottom panel of Figure B.1, which tracks weekly repeat pur-
chases—transactions made by returning customers. The predicted curve (grey) closely follows the actual trend (black),
including seasonal fluctuations, indicating the model effectively captures both customer churn and purchase frequency

over time. We refer back to Section 4.4 for the discussion of the model estimates and the counterfactual analysis.®

B.1. CLV Model Covariates

We estimate eight CLV models with different sets of covariates. The main specification is selected among these

eight candidate sets based on BIC following Bachmann et al. (2021). These covariate sets are X7 x X €

{{HadNoShowiyt}, {HadNoShow, ;, SpendingSoFar; ,},{ HadNoShow;, ;, Seasonality, },

{HadNoShow, , SpendingSoFar, ,, Seasonality,} } X {{HadNoShowi,t}, {HadNoShow, ,, Seasonalityt}}.
HadNoShow; ; equals 1 if customer ¢ had experienced a no-show prior to time ¢ (week t). SpendingSoFar; ; is

customer 7’s cumulative spending on the platform up to, but not including, week ¢. Seasonality, is the platform’s total

revenue aggregated over all customers in week ¢, standardized by its standard deviation across the estimation periods.
Our main model, with X} = { HadNoShow; ,, SpendingSoFar; ,} and X, = {HadNoShow, ,, Seasonality,},

achieves the lowest BIC among all specifications at optimality.
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Appendix C: Additional Details for Instrumental Variable Analyses

C.1. First Stages for the Two-Stage Residual Inclusion Approach

FrustrationDiscount Amount NoShowFrustrationDiscount SameDayRestored OneHourRestored

) 2) (3) 4)

OLS OLS Logit Logit

NoShow 4.820%* 6.113%% 23,798k 16.630%**

(1.625) (1.619) (0.074) (0.092)
FDOtherCityDate 0.251%%* -0.097%##*

(0.060) (0.013)
NoShow x FDOtherCityDate L.717%%%* 2.196%**

(0.316) (0.314)
OccupancyOther Districts -0.013 %% -0.025%#*

(0.002) (0.006)

Observations 81,959 81,959 81,959 81,959
Log Likelihood -364,877.8 -287,545.7 -1,771.4 -581.9

Table C.1 First Stages of the IV Approach
This table reports the results of first-stage analysis of 2SRI. All models include CustomerOrder History, Price,
Discount Amount controls, as well as month-year Xcity fixed effects and product-category fixed effects. Robust
standard errors are in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05,  p < 0.1.

C.2. Sensitivity of Frustration Discount I'V Estimates to Potential Violations of the Exclusion Restriction

In Section 5.1, we leverage FDOtherCityDate as an instrument for FrustrationDiscountAmount and find that frus-
tration discounts reduce customer attrition following no-shows. We provide arguments supporting the validity of
FDOtherCityDate as an instrument, but the exclusion restriction is fundamentally untestable. In this section, to assess
the robustness of our IV estimates to potential violations of the exclusion restriction, we run two additional analyses.

Additional Controls. To address the potential concern that date x city level shocks may simultaneously affect
discounting behavior and customer attrition, we introduce additional controls capturing platform dynamics in the same
city on the same day of the focal cleaning, following prior literature (Xu et al. 2023). Specifically, in both stages of the
IV estimation, we control for: (i) the total number of cleanings scheduled in the focal city on that date, excluding the
focal cleaning, and (ii) the total number of those cleanings that received frustration discounts.

By capturing daily demand conditions and the extent of service degradation or promotion issuance among other
customers in the same date—city, these controls ensure that the remaining variation in our instruments affects customer
attrition only through the focal cleaning’s frustration discount—rather than through the broader platform dynamics.

Our IV results remain robust when these controls are included. The relevance still holds, as can be observed from
first-stage analysis (8=0.21, p<0.001; 8=2.2, p<0.001). The estimated effects from the second stage are similar to the
main specification, suggesting that our findings are not driven by these kinds of platform dynamics. The coefficient
of FrustrationDiscount Amount is (5 = -0.044, p=0.039). The total effect of FrustrationDiscount Amount +
NoShow x FrustrationDiscount Amount is also negative and statistically significant (5 = -0.019, p=0.072). In
addition, we compute bootstrap standard errors clustered at the date x city level, and the results remain robust under
bootstrap standard errors as well.

Conley Bounds. To assess the sensitivity of our IV estimates to potential violations of the exclusion restriction, we
follow Conley et al. (2012) and conduct a plausibly-exogenous (Conley-style) sensitivity analysis using the union-of-

confidence-intervals (UCI) approach. Conley bounds are commonly used to evaluate the robustness of IV estimates to
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violations of the exclusion restriction assumption in prior studies (e.g., Frake and Harmon 2023; Marinoni and Roche
2025; Guo et al. 2025).

In this approach, we allow the instruments to have direct effects on the outcome (customer attrition), rather than
assuming that the exclusion restriction holds perfectly. We first estimate the reduced-form relationship between the
instruments and attrition while controlling for the full set of covariates and fixed effects used in the IV specification. We
then allow the instruments’ direct effects to vary as a fraction of the reduced-form magnitudes. For each assumed vio-
lation level, we re-estimate the second-stage model and compute the corresponding confidence interval, and report the
union of these intervals across all values considered, following the union-of-confidence-intervals procedure of Conley
et al. (2012), which provides conservative inference without imposing distributional assumptions on the violation size.

Table C.2 reports the resulting UCI 90% confidence intervals under increasing degrees of exclusion restriction vio-
lations. Across all values considered, the bounds for FrustrationDiscountAmount remain negative and exclude zero,
confirming that larger frustration discounts reduce customer attrition. For the combined effect (FrustrationDiscountA-
mount + NoShow X FrustrationDiscountAmount), the bounds remain negative and exclude zero for up to 15% of the
reduced-form magnitude, indicating that our conclusion—that issuing larger frustration discounts mitigates customer

attrition following no-shows—is robust to plausible deviations from strict instrument exogeneity.

Violation size (as % of reduced form) Lower Bound Upper Bound

FrustrationDiscountAmount 5% —0.0786 —0.0178
10% —0.0810 —0.0154
15% —0.0833 —0.0131
20% —0.0857 —0.0107
FrustrationDiscountAmount + 5% —0.0371 —0.0021
NoShow x FrustrationDiscountAmount 10% —0.0381 —0.0011
15% —0.0391 —0.00015
20% —0.0400 0.00081

Table C.2  Conley Bounds for Frustration Discount IV Estimates
This table reports the union of 90% confidence intervals for coefficients from the second-stage logistic regression
under varying degrees of exclusion restriction violation.

Appendix D: Proof of Proposition 1

We rewrite the objective function as follows.
]EC|6 ]Eot [R(Oé, C7 dH7 dL |97 wrc ) /1') ‘C}] - M67 Where 9 = (L7 Vm, UL7p7 m,mo, 5H7 ﬂL) (8)

Proof of Part 1. We start by simplifying the maximization problem. Note first, since (1 —y)aL — 2z > 0, and ya L —
y > 0, the optimal discount d?_ that solves for max,,_>¢ s, (d-,) will also solve for the original objective function d_.
Therefore, d; = argmax, s (d,. ). Next, given k, . > s, (d; ), we conclude z* = min{(1 —y)aL,C —y}. We

c

further denote g :=k, ., — s, (d; ). Next given o and C, consider

max H :={(kowr — su(d}y))y + (ko.r — s£(d})) min{(1 —v)aL,C —y}}.

0<y<min{yaL,C}
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We conclude y* = min{yaL,C} when g}, > g;. The solution when g3, < g; is included in Appendix F. Substituting
s-.(dz_), y*, and 2* into the optimization problem, we have,

max Eqz []Ea [kH(l —a)yL+k,(1—a)(1—v)L+

Tez+u{o}

ko min{yaL,C} + k, ; min{(1 —~)aL,(C —yaL)*}+

(yaL —min{yaL,C})sy(d}) + ((1 —v)aL — min{(1 —v)aL, (C —yaL)*})s.(d}) |C’H —uC.

The notation C|C indicates that C' is a random variable that follows Bin(C, 3,). Note that min{(1 — v)aL, (C —

~yaL)*} =min{aL,C} — min{yaL,C}. Conditioning on C, we start by simplifying the inner expectation on c.

Eo [min{yaL, C} (ko — ox = su(diy) +51.(d7)) + min{aL, C} (koo — s0(d;)) | +

('YHaL(SH(d;{) —ku)+ (1 =) paL(s(d}) —kp) + (kayL+kp(1 - ’Y)L)),

where y, = E,[a]. We write the above as E,, {min{’yaL, C}M, + min{aL, O}M2:| + Mj;. Note that M, are param-

eters, i.e., not functions of any random variables. We now estimate the expectation over C, where C' ~ B in(é, Bs)-

— C/vL o oo
Eoio [Eamin{yaL,0}|C] = 5.C —7LEcps| / F,(z)dz] = 8,0 —7LEcps| / F,(2)I{z < C/yL}dx]
0 0
=B,C—~L /°<> F,(z)P(C > ~vLx)dx

The first equality follows from E,, [min{yaL,C}|=C —~L [ OC/ " F, (x)dz. The third equality follows from Fubini’s
theorem. |F,(z)| < 1 since F, is the c.d.f. of . Further, P(C > yLxz) = 0 for any = > C/(vL). Therefore,
J5 1Fa(2)|P(C > yLa)dx is finite. We can therefore write the expectation term as an iterated integral and change
the order of integration, i.e., interchange the expectation and the integral. E¢ = [Ea min{aL,C }‘C] can be similarly
estimated as above.

We use trapezoidal approximation to numerically calculate the integral in Eq & [Ea min{yaL,C }|C] Let
hee(y) =P(C>y) = Ezy P(C =), evaluated at integer grid points. We have,

oo

Ecig[Ea min{yaL,C}|C] =B,C —~L /°° F.(z)P(C > ~Lx)dx = 3,C — / F.((vL) 'y)P(C > y)dy

0

~ 8.0 = 5[ Yo 2Fu(L) e (y) = FalOhep(0) = Ful(1) " @) hes(C)].

N =

The second equality follows from change of variables, and the last approximate equality follows from trapezoidal
approximation. We can numerically integrate E.z [IEQ min{aL,C} | C’] by similar arguments. We can therefore write

down the optimality condition for C,

—/

Ecie [Ea [min(yaL,C)M; + min(aL, C') M| |C} —uC >Eq e {Ea [min(yaL,C)M, + min(aL, C') M,] |C’} —uC,
for all C" s C. This proves the expression of C~ and completes the proof of part 1.

LEMMA 1. The objective function E. = [Ea [ min{yaL, C}M; + min{aL, C}M,] |C} + My — uC is (discrete)

concave in C and unimodal.



Karacaoglu and Li: No Call, No Show
Article submitted to Manufacturing & Service Operations Management 11

See Page 11 for proof of Lemma 1. By Lemma 1, the objective function is unimodal with the integer constraints on
C. Therefore, the sufficient condition for C to be optimal is when the above inequality is true at C'=C"+1and
C'=C"-1.We apply this sufficient condition for an efficient numerical analysis.

Proof of Part 2. We omit the subscript 7, for ease of notation. The value recovered through a discount d is, s(d; ¢) =
v(1 — B(d;¥)) — g(d). Its derivative is s'(d) = —v #'(d;¢) — ¢’(d). Recall s is concave in d. The optimal discount
d*=0if s'(d) <0 forall de [0,00). By concavity, s”(d) <0, so s'(0) > s'(d) for all d > 0. It therefore suffices to
check if s’(0) < 0. That is, the marginal benefit of issuing the first unit of discount does not cover its marginal cost.
Defining ¥ = {¢)| — v 8'(0;¢) < ¢’(0)}, we have d* =0 for all ¢ € P.

If the platform chooses to have C = 0, the optimal profit from a discount-only policy is,

ke (1= po)vL+kr(1— pa)(L =)L + yiaLsu(dy) + (1 —7)paLsp(dy).

The difference in optimal profits between a standby cleaner plus discounts hybrid strategy and a discount-only
strategy is then,

Somax Eoie [Ea {(kjoﬂ —su(dy))min{yaL,C} + (k, 1 —s.(d;)) min{(1 —v)aL,(C —yaL)"}) |C’H —uC.

By condition, s (d,,) (weakly) increases in 1), for all d > 0, therefore s, (dZ_) (weakly) increases in ¢, . Hence,
given any C and 1), the expectation term in the objective function decreases in ;. In the proof of Lemma 1, we have
shown that given 1), the expectation term is nondecreasing and concave. Denote the expectation term as R(C,vy),
we start by showing that C () = arg maxg R(C, ¥ ) — pC decreases in ¢y Let thy = —tby. Note the coefficient
ko1 — si(ds,) decreases as ¢y increases. Therefore, R(C, vy ) — uC has increasing differences in (C,)y). Intu-
itively, when the high-value customers become more sensitive to discounts, the benefits of adding additional standby
cleaners decrease. Following Milgrom and Shannon (1994), we have C" increases in 7,Z~1 ., therefore decreases in .
Since R(C,vy) is bounded, when y is sufficiently large, following from C (1) decreases in 1)y, there exists a
% (1) such that, when ¥ > (1), C~ = 0. The same logic applies when vy is fixed, and 1);, varies. This completes
the proof of part 2.

Proof of Lemma 1. First, M; is irrelevant to the optimality of C. We only need to consider the con-
cavity of Eq [Ea[min(waL,C)Ml + min(aL, C)M,] |C] — uC. Let G(C) = Eqe []Ea[min('yaL,C)Ml +
min(aL, C)M,] ‘C} =Ecio {]Eag(a, ) |C} . Note first, given the conditions, we have M, (-), My (-) > 0, and further
we have seen that M, (-), M,(-) are independent of « and C'. It is easy to see that given «, g(c, C) is the sum of two
nondecreasing and concave functions in C for all « € (0, 1). Therefore, g(«, C) is also nondecreasing and concave
in C. E.g(a,C) = [ g(, C)f(a)da is then also concave in C' since f(«) >0 and g(a,C) is concave in C at each
a (Boyd and Vandenberghe 2004, p.79). Lastly, taking the expectation over C' ~ Bin(C, 3,). We denote f(C) :=
E.g(a,C). Eqaf(C) = Z,?:O f (k)P (k). We want to show E¢ f(C) is concave in C when f(C) is concave and C
follows a binomial distribution.

Let C, ~ Bin(C + 1,8,), C ~ Bin(C,,), and C_ ~ Bin(C — 1, 3,). First note that C, = C + B, where
B ~ Ber(f,). Therefore, EC’|6+f(C+) =E¢g[Es[f(C+ B) | B]] = B.Ecicf(C +1) + (1 — B,)Ecief(C). This

equivalence can also be seen from expanding the binomial coefficients and applying Pascal’s rule.
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To prove concavity of Eg=f(C) in C, it suffices to show A;(C) =Eqz, f(Cy) — Egiaf(
i.e., the second difference is nonpositive (Ninh et al. 2020). Simplifying A, we have A;(C) = 3, (Eqigf(C+1)—
Eoicf(C)) = 8. (Eciclf(C+1) — F(O)).

First, we have proved above that f(k) is concave. Therefore, h(k) := f(k + 1) — f(k) decreases in k. Second,

C) decreases in C,

suppose C; ~ Bin(C},3,) and Cy ~ Bin(Cs, B,), where C; > C,. Since C; can be again decomposed as C, plus
some additional independent Bernoulli trials, it is easy to see that P(C, > k) > P(C, > k), for all k € R*. Therefore,
C, first order stochastically dominates Cs, that is, C; >, C5, by definition. Given h(-) is decreasing, and the stochastic
dominance relationship, we have E., &, [A(C1)] < E, e, [M(C2)] (Shaked and Shanthikumar 2007, p.4). Since Ay =
B.Eqe[h(C)], and B, > 0, we conclude Ay decreases in C. We therefore show that E, - f(C) is concave in C. We
have therefore shown that G(C) is nondecreasing and concave in C. Given —uC is linear and decreasing, we conclude
that G(C) — uC is (discrete) concave in C' and unimodal. This completes the proof.

In the numerical studies, we assume s(d) = v(1 — Sexp(—d)) — d. Solving the inequality s'(0) < 0, we have
P < i That is, the platform is better off not offering a discount when ¢ < % We also assume o ~ Unif in the

numerical studies.
Appendix E: Model Parameters Calibrated From Data

We focus on one major city from our dataset. The median number of daily cleaning requests in this city is L = 108.
On average, daily mean no-show rate is j1, = 0.035, with a standard deviation of o, = 0.019. We assume « follows
a uniform distribution, i.e. & ~ Uni f. On average, a customer pays the platform p = 121 LC per cleaning, while the
platform pays the cleaner m = 111 LC per cleaning.” We assume that if a standby cleaner is dispatched, the plat-
form pays a 5% premium, m, =5 LC (roughly 0.05 x 111). We estimate the distribution of CLVs based on our CLV
analysis.' Customers are then categorized into high-value and low-value customers based on whether their CLV is
above or below the distribution mean. The median CLV among high-value customers is vy = 460, roughly 4 clean-
ings, while the median CLV among low-value customers is v, = 90, roughly 1 cleaning. We assume 5, _(d;,.) =
By, exp(—1,.d), and g(d) = d. Using empirical estimates (see Column (2) in Table 4) and the base attrition probabil-
ities in low-value and high-value customers, it can be calculated that no-shows increase attrition probability by 44%
for high-value customers and by 7% for low-value customers. Using the coefficients of FrustrationDiscountAmount
and NoShowFrustrationDiscount in Column 3 of Table 5, we can also estimate the customers’ responsiveness to the
frustration discount in the face of no-show to be ¢, = ¢y = 0.02.

Optimal Strategy for the Focal Platform. We assume the platform pays p = 15 LC per standby cleaner, who
is available with probability 8, = 0.8 at this price. There are roughly v = 20% high-value customers. The optimal
strategy for our focal platform is to retain 7 standby cleaners in this city. When no-shows occur, high-value customers
are prioritized for recovery. All available standby cleaners should be fully utilized. For high-value customers whose
cleanings cannot be recovered, the platform should offer up to 65 LC in frustration discounts (equivalent to a 54%
discount on one cleaning). No discounts should be extended to low-value customers. Maintaining 7 standby cleaners
means reserving a standby pool corresponding to approximately 6% (=7/108) of daily cleaning volume to enable
prompt restoration in the event of a no-show. Importantly, in our model, the optimal number of standby cleaners is a
function of platform scale. Accordingly, the magnitude of 7 standby cleaners should be interpreted relative to the size

of daily cleanings requested rather than as an absolute number.
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Appendix F:  Solution When £, i — sy (d};) < ko — s(d})

Under this condition, the solution to max, H is y* = max{0, min(yaL,C — (1 —v)aL)} = min{aL,C} —min{(1 -
~v)aL,C}. That is, the platform prioritizes low-value customers for assigning standby cleaners. The objective function
has a similar structure to in the case k, i — s (d};) > ko — sr.(d} ) in Appendix D. Conditioning on C, we start by

simplifying the inner expectation on .
E, [min{(1 ~7)0L.C} (ko — ko — 50.(d5) + s (diy)) + minfaL. O} (ks — s (dig)) | +

(YitaL(su(dy) = k) + (1 =) paL(sp(dy) — k) + (kayL+ ke (1 —7)L)),
where y, = E,[a]. We write the above as E,, [min{(l —y)aL,C} M, + min{aL,C’}Mz’} + M. The rest of the

analysis follows from Appendix D.
Appendix G: Long-term Effect of No-shows on Customer Attrition

Complementing the one-period model in Section 5.2.1, we build a two-stage model demonstrating how no-shows can
change platform size over time in this appendix.

We allow heterogeneity in customers’ baseline attrition risk and denote customer type 7,. € {#, L}, where H and £
represent the high attrition risk, and low attrition risk customers respectively. Suppose a fraction A of customers have
high attrition risk, while the remaining fraction 1 — X\ have low attrition risk. Based on customer type, their additional
attrition risks induced by no-shows are also different. In particular, when high-attrition-risk customers experience a
no-show, they leave with probability 1; when high-attrition-risk customers do not experience a no-show, they leave
with probability 5;,. When low-attrition-risk customers experience a no-show, they leave with probability 3;; when
low-attrition-risk customers do not experience a no-show, they leave with probability 0. We assume homogeneous
customer lifetime value, v, in the dynamic model for tractability.

The platform starts with L daily cleanings (customers) in the first period. For simplicity, we assume there is no mar-
ket expansion. The no-show rate « is drawn from distribution F'; the same no-show rate applies in both stages. V; (C |
L, )\, B, B,) is the platform’s present aggregate customer lifetime value when there are L initial customers in the first
period, and the platform keeps C standby cleaners. The platform’s expected present value is E, [V, (C | L, A, 81, 8;)] =
ALE Vi #(C|L, X\, Br, B1)] + (1 = X) LE[V1 £ (C|L, X, B, 5,)], and V; . are the values that the platform can collect
from a customer of type 7,. in the first stage. Let 3° be the discount factor. We write down the distributions of V; 4, and
Vi, as follows. Suppose when customer ¢ was not impacted by no-show on the originally scheduled service date and
time, the platform receives k = p — m. Particularly, “not impacted by no-show’ happens in two scenarios: when the
cleaning is not a no-show incident, or the cleaning is a no-show incident, but it is fully recovered by a remedy strategy:

promptly restoring via a standby cleaner.

0 if 7 is impacted by no-show and left
Eo[Vai(CIL N, By, if ¢ is impacted by no-show and stayed

Viser (CIL A, By, ) = 4 O oelVal O AP )i i impacted by ’
k if ¢ is not impacted by no-show and left

k+ B°E,[Va:(C|L' A, Br, ;)] if i is not impacted by no-show and stayed
pu;(LIC, &), pe ; (L|C, o) specify the probability of customer ¢ being in each of the four states when the total number
of cleanings is L. We suppress (C, «) below. In particular,

pua(L) =ap,.(L), pe1(L)=ap,.(L)5, i is impacted by no-show and left;
Pu2(L) =0, peo(L)=ap.(L)(1—5), i is impacted by no-show and stayed;
pus(L)=(1—ap.(L))Bh, pes(L)=0, i is not impacted by no-show and left;
pua(L)=(1—ap.(L))(1=B4), pea(L)=1—ap.(L), iisnotimpacted by no-show and stayed,
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Figure G.1 Long-Run Effects of No-Shows on Platform Size and Platform Recovery

This figure illustrates the impact of no-shows on platform size and value in a two-stage model. The top panel shows
how much the platform shrinks if no action is taken, as a function of the share of high—attrition-risk customers.
Specifically, Léz) denotes platform size at the end of stage two with only baseline attrition, while L<2>(O) reflects
size with both baseline and no-show—induced attrition, assuming the platform takes no action (i.e., retains no standby
cleaners). The bottom panel shows the percent reduction in platform value relative to the policy that optimally retains
standby cleaners in both stages. IT(0) represents the platform value under no-shows without intervention, while II(C™*)
is the value with optimal standby capacity. In all subplots, aside from u, S, and 5; (varied as shown in titles),
parameters include 3° = 0.9, v = 300, a ~ Unif, and (L, p, m, e, 00 ) take values as in Figure 1.

where p,.(L) := p,.(L|C, «) denotes the probability that customer i is not covered by a standby cleaner when a no-show
occurs, in particular, p,.(L|C, o) = max{0,1 - C/(aL)}.

The number of customers changes in period 2, as some customers may have already left the platform due to the
service failure they experienced in period 1. Among high-attrition-risk customers, the probability of leaving after the
first period is py . (L) = ap,. (L) + (1 — ap,.(L)) B, while for low-attrition-risk customers, the probability is p. . (L) =
ap, (L) ;. The number of customers (cleanings) in the second period is then the sum of two binomial random variables,
L'~ Bin(AL,1 —py o(L)) + Bin((1 = A\)L,1 —pz o (L)).

0 with probability p,, ; (L) when ¢ is impacted by no-show in stage 2 and left
v (CIL A B B1) = v with probability p,, ,(L’) when ¢ is impacted by no-show in stage 2 but stayed
Zuer PP with probability p, s(L’) when i is not impacted by no-show in stage 2 and left
a(

k+v with probability p,_,(L’) when i is not impacted by no-show in stage 2 and stayed
Therefore, E, [Vs,.,. (C|L', X, Br, 81)] = vpr.2(L)) + kp,. s(L') + (k + v)p,. 4 (L').

Denote by p the present-value cost per standby cleaner over the two-stage horizon. The platform chooses the number
of standby cleaners C' to maximize its present value: maxcez+ o} Ea [Vi(C'| L, A, By, B1)] — nC. We solve for C' and
conduct numerical analysis on two metrics: how platform size evolves over time due to no-shows when no action is
taken, and how much value can be recovered through remedy strategies such as retaining standby cleaners. The results
are shown in Figure G.1, assuming an average no-show rate of 3.5% per period. Over two periods, this leads to up
to 5% reduction in platform size if unaddressed. Without an optimal remedy strategy, the platform incurs significant

revenue losses. Remedy strategies such as retaining standby cleaners can recoup a significant share of such losses.
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Appendix Endnotes

"To construct the final analysis sample, we apply several filters. The main exclusions are cities with limited business (1,026
cleanings), cleanings performed by teams with more than one cleaner (1,896 cleanings), and orders placed by corporate customers
(6,344 cleanings).

2Qur findings remain robust when these observations are included.

3We thank the anonymous reviewer for highlighting this potential confounding factor.

“For this analysis, we excluded 179 no-show cleanings for which the no-show cleaner ID is missing.

3Our sample includes 1,045 no-show cleanings that were rescheduled in the same day.

SFor no-show events, the originally matched cleaner ID is missing for 179 cleanings; these cleanings are excluded from our
predictive model. For one city in our sample, the platform did not collect cleaner district data. The performance of our model
remains consistent when the distance metric between the customer and the cleaner is excluded from the prediction model.

"We select our main specification by choosing among eight candidate covariate sets based on BIC following Bachmann et al.
(2021). See Appendix B.1 for details on covariate definitions and candidate covariate sets.

80ur counterfactual analysis is robust when conducted by customer cohort. To ensure better comparability across customers,
we define cohorts by quarter following Fader and Hardie (2001): customers whose first transaction occurred during the first quarter
(December 2018 to March 2019) form the first cohort, and customers whose first transaction occurred during the second quarter
(April 2019 to June 2019) form the second cohort. In cohort-specific analyses, eliminating no-shows for half a year would increase
CLV in both cohorts.

The platform pays 75% of the total cost per cleaning. Total cost is price paid by customers plus the total discount offered.

1%In particular, for each customer, we sum their spending in the first 52 weeks, and add the predicted CLV over the subsequent 8

holdout weeks to form a CLV distribution.
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