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Abstract

Flash sales retailers organize online campaigns where products are sold for a short period of

time at a deep discount. The demand in these events is very uncertain, but clickstream data can

potentially help retailers with detailed information about the shopping process, thereby allowing

them to manage such risks. For this purpose, we build a predictive model for shoppers' sequential

decisions about visiting a campaign, obtaining product information and placing a purchase, which

we validate using a large data set from a leading �ash sales �rm. The proposed hierarchical

approach mirrors the di�erent stages of the shopping funnel and allows for a direct decomposition

of its main sources of variation, from customers arrival to products purchase. We identify life-

cycle dynamics and heterogeneity across campaigns and products as the main sources of variation:

these allow us to provide the best predictions from a statistical standpoint, which outperform

machine learning alternatives in out-of-sample accuracy. Our model thus enables �ash sales

retailers to learn about the performance of new products in a few hours and to update prices so as

to better match supply and demand forecast and improve pro�ts. We simulate our forecasting and

optimization procedures on several campaigns including thousands of products and show that our

model can successfully separate popular and unpopular products and lift revenues signi�cantly.

Key words: Online retail, Shopping funnel, Customer behavior, Responsive pricing.

1 Introduction

Online retailing has become a large sales channel with giant players such as Amazon and continues

to grow at double digits (Ben-Shabat et al. 2015). Online retailers have adopted a variety of business

models, from owning inventory and selling it online, to being marketplace players where they sell items

belonging and stocked by suppliers, and capture a commission in the process. One particular form of
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operation that has developed is the �ash sales business model where the retailer sells a set of items

that belong to a third party for a limited time window, at a deep discount. For these third parties,

this serves the purpose of salvaging inventory that cannot be sold otherwise. This is especially useful

for apparel fashion products that could not be sold during the season: �ash sales is a way of having

a virtual outlet channel where merchandize is sold without damaging the brand and cannibalizing

the current collection. The largest players in this space are Vipshop, Chinese leader with revenue of

USD 11.2 billion in 2017 (Shao 2013, Vipshop 2018); Vente Privée, European leader with a revenue

of EUR 3.1 billion (Agnew 2017); and American players such as Rue La La, Zulily or Gilt.

Flash sales players specialize in selling a large variety of goods for a short period of time, with

constant changes in the o�er. It thus can be seen as an extreme form of e-commerce, where all products

are innovative in the sense of Fisher (1997): one would expect these retailers to be responsive in their

operations. Unfortunately, most of them do not have �exibility in the quantity of goods they sell.

In some cases, the inventory is sitting at the retailer's premises and cannot be replenished; in some

others (including the setting that we study here), inventory is owned and located at the third party

brand that is willing to run a �ash sales campaign. The only degree of freedom is in their pricing,

but due to the short time windows, as of today few of them do adjust prices of their products

during the selling campaign. At the same time, �ash sales retailers operate online and thus are able

to know in detail how consumers interact with products displayed on the web. In summary, they

face an extremely volatile demand but can potentially use detailed shopping patterns to take better

data-driven decisions to improve operations.

The purpose of this paper is to �rst build an aggregate demand model at the stock-keeping unit

(SKU) level, and then suggest re-optimized prices after a short period of time. This can be seen as

a pricing version of quick response (Fisher and Raman 1996, Caro and Martínez-de Albéniz 2015).

We focus on settings where there are no customers before nor after the �ash sales campaign, so our

work is not applicable to permanent stores that run limited-time discounts, such as Amazon. Our

objectives and focus are shared with Ferreira et al. (2015), who optimize prices at Rue La La, an

American �ash sales retailer.

Our work takes a di�erent path to achieve the objective. In contrast with Ferreira et al. (2015),

we use clickstream data � all actions from customers on the web� which provides a richer and more

complex data pool. Consequently, our model does not provide a direct prediction of demand for each

product, but considers a broader set of customer decisions: we build a hierarchical model for demand

that predicts the di�erent decisions that visitors take during the shopping process. Speci�cally, we

forecast the probabilities that customers advance in the shopping funnel, in three steps: between

arrival to the website and visit to a particular campaign; between visit to a campaign and interest

in a particular product; and between interest in a product and purchase of that product. This

approach e�ciently separates campaign-driven e�ects (e.g., how well-known is a brand) from product

consideration issues (e.g., how attractive it is) from actual purchase decisions where price is observed

(e.g., cheap vs. expensive). The di�erent layers provide fairly accurate demand predictions with a

limited number of parameters, given the high amount of uncertainty in demand. They also separate
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in each step the general e�ects related to seasonality, from campaign life-cycle factors (e.g., whether it

just started or it is about to �nish), from campaign and product e�ects. Finally and most importantly,

because higher layers in our model aggregate information across products, our model provides faster

learning (see Bernstein et al. 2018 for a similar idea), which is especially useful when products sell for

a short period of time. For instance, even when there are no purchases for a given product yet, there

surely are clicks to view the product's information, so it becomes possible to predict a purchase rate,

in the same way Bakshi and Peura (2016) predict occurrence of disasters based on the occurrence of

minor safety incidents.

A hierarchical perspective like ours thus has several bene�ts compared to a direct approach that

tries to estimate sales without considering funnel variables. First, it provides insights about the

demand process, which allow the retailer to improve decisions such as pricing among others. Second,

although the statistics literature provides di�erent views on whether aggregate vs. disaggregate

forecasts are more accurate (Dunn et al. 1976), our aggregate-to-disaggregate approach improves

predictive accuracy, and in particular performs better than direct (disaggregate) machine learning

techniques, such as random forests used in Ferreira et al. (2015). Moreover, our approach is able to

include large number of �xed e�ects, so that it is possible to learn quickly from new products. In

contrast, it is computationally prohibitive to include categorical variables for most machine learning

techniques, so learning needs to be contained to product-speci�c information, thereby missing higher-

level variation and leading to slower learning. As a result, our method is able to improve prediction

accuracy by learning faster, provides accurate predictions about the future, and compares favorably

against standard machine learning techniques.

Our hierarchical model uses aggregate clickstream metrics, which provide a balance between gran-

ularity (down to the SKU level), simplicity (if this was not necessary, machine learning techniques

would be an interesting alternative) and tractability (to later apply price optimization). It is vali-

dated with real data from a �ash sales retailer, using hourly events during 3 years. Hence, besides

a modelling contribution, our paper also makes an empirical contribution by documenting (i) the

breakdown of uncertainty in the sales of fashion goods in the di�erent shopping process steps; and

(ii) the predictable elements of demand, and speci�cally those related to the life-cycle for short selling

windows. One of the key �ndings from the empirical validation is that product heterogeneity is very

strong. In the presence of inventory constraints, such product uncertainty results in many products

selling zero units, while many others have a sell-out of 100% and lost sales. It is thus critical to

obtain an early indicator of product attractiveness, which can be used to set prices so that supply

and demand are more closely matched.

With such early signs of success, we are able to build more accurate demand models and can study

the pricing problem for the retailer. We analytically show that under certain conditions there is a

unique price that maximizes the retailer expected pro�t. Optimal prices are increasing in product

attractiveness and decreasing in inventory. We then apply price optimization to our data in several

campaigns chosen randomly and �nd that learning from early clicks is able to improve expected pro�ts

signi�cantly. The increase is most signi�cant for items for which the predicted sell-out rate is close to
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100%, i.e., for those items where the forecast demand is higher than the available supply. Our paper

thus provides the methods for prescriptive analytics to improve �ash sales retail operations.

While pricing is one actionable way to improve performance, there are other potential improvement

directions stemming from our hierarchical model. Indeed, our decomposition of the funnel transitions

provide the retailer with valuable information about customer responses to the di�erent elements

related to a product. For instance, to evaluate whether the product description and image quality is

adequate, a critical metric to follow is the conversion between campaign visits into product clicks, but

one should also account for di�erences across product categories and moments of the day: our model

is able to detect the under-performing products for which corrective actions can be applied, e.g., new

imaging. As a result, if the retailer wants to increase sales of a particular product, our model will

distinguish the e�ect of campaign design (was the campaign su�ciently attractive? if not, it can be

promoted more), the e�ect of product display (was the the product considered? if not, images or

placement can be changed), and the e�ect of product features (was the price adequate? if not, run

our pricing procedure).

The rest of the paper is organized as follows. �2 reviews the relevant literature. �3 describes the

context and data. Our demand model is presented in �4 and is estimated with real data in �5. Pricing

optimization is studied in �6. �7 concludes the paper. Proofs of our analytical results and supporting

tables and �gures are contained in the Appendix.

2 Literature Review

This work is connected to several streams of literature, mainly online demand forecasting, including

discrete choice models across multiple stages; and quick-response models especially with respect to

price optimization.

There is already a relatively large amount of research devoted to the use of online data for de-

mand modelling (see Bucklin and Sismeiro 2009 for a review). Some empirical literature considers

longitudinal individual behaviors, see e.g., Moe and Fader (2004a) or Moe and Fader (2004b), but

most of the existing work (as ours) focuses on total click or sales data, often disaggregated by product

and time period. The main objective in these papers is to model the demand process and in partic-

ular to identify predictors that can be used for decision-makers. Moe and Fader (2002) study how

pre-launch orders can help predict post-launch orders, using the Bass di�usion model and a Weibull-

gamma mixture. More recently, Huang and Van Mieghem (2013) provide a similar analysis. Huang

and Van Mieghem (2014) investigate how visits in non-transactional web sites can be used to predict

o�ine sales. Gallino and Moreno (2014) study the interaction of online and o�ine sales channels.

Cui et al. (2018) examine how the information obtained in social media can help on predicting sales

using machine learning techniques. Finally, the closest work to this paper is Ferreira et al. (2015):

they use machine learning tools to forecast sales and perform price optimization at Rue La La. While

the stated goal is the same as ours, the main di�erence is that they only consider sales metrics (not

visits or other layers as we do) within a single campaign. As a result, there is no interaction between
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campaigns, while we consider the platform's joint evolution with substitution across campaigns, which

we �nd to be very relevant. Their optimal pricing strategy balances demand across products (thus

moving demand away from under-supplied items to over-supplied ones), while in our case pricing for

each item does not a�ect substitution patterns much, and thus obeys to a supply-demand matching

logic.

While our empirical results are run on clickstream aggregate metrics, we model shopper choices

at the individual level. Anderson et al. (1992) or Train (2009) provide excellent reviews of multiple

choice models, most of whom rely on the availability of data that match individual characteristics

to the products they purchase. Our approach is thus similar to most of the previous economic

literature, which estimates product demands from product-level data (Bresnahan 1987, Feenstra and

Levinsohn 1995, Berry et al. 1995). We proceed by designing a hierarchical modeling approach, which

combines the information available at di�erent points of the online shopping funnel in a sequence of

conditional distributions. This relies upon the idea of multiple choices across di�erent stages and

upon product-level and aggregate consumer-level data. Hierarchical models are particularly suitable

for a �ne-grained decomposition of the di�erent sources of data variability, allowing for high �exibility

in the inclusion of conditional information (Raudenbush and Bryk 2002). Arora et al. (1998) was one

of the �rst to introduce the hierarchical modeling approach in the context of consumer behavior,

opening to a wide range of possibilities for consumer models encoding the information of passing

from an option choice to the next by multiple layers of conditional probability. This is related to

the concept of marketing funnel in an online context, see e.g., Wiesel et al. (2011) or Liaukonyte

et al. (2015). A major di�erence between our work and these marketing papers is that we focus less

on customer behavior (because our focal interest is on aggregate demand on individual products)

and more on the detailed, operational management of the products, for which we need to introduce

campaign, product and SKU e�ects that keep changing over time; consequently, our model includes

a large number of �xed e�ects useful for better predictions, as opposed to measuring average e�ects

of simpler covariates.

Some literature exists in the interface between discrete models for sequential decisions and hier-

archical modeling (Wooldridge 2010). The majority of these works characterizes individual choices

among �nite sets of mutually exclusive options (Block et al. 1960). The elimination by aspects (Tver-

sky 1972) is one of the most popular frameworks for this purpose. It is based on the sequential

elimination of options not having given attributes, until only one option remains. Optimization of

more general consider-then-choose processes have been analyzed recently by Wang and Sahin (2016),

Feldman and Topaloglu (2015) and Aouad et al. (2015). In our context, sequential decisions also

take the shopper through a search, but in a well-de�ned process where purchase can only occur after

obtaining more information about the item, which can only happen after a given campaign has been

viewed.

Finally, our optimization logic is grounded on the practices of postponement and Quick Response

(QR). The original idea of QR has been proposed to learn from early product sales to re�ne the

forecast of demand and hence optimize the quantity to be produced (Fisher and Raman 1996, Iyer
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and Bergen 1997, Fisher 2009, Caro and Gallien 2010, Gallien et al. 2015). In our context, inventory

is given before a campaign, so that price is the only possible operational change. As a result, our

problem resembles the pricing problem with an inventory constraint (Van Mieghem and Dada 1999,

Federgruen and Heching 1999, Chan et al. 2004). Although there are similarities with dynamic pricing

(Bitran et al. 1998, Smith and Achabal 1998, Bitran and Caldentey 2003), in our case the campaign is

short and the number of price changes is limited. Cases in which business constraints prevent sellers

from conducting extensive experimentation have been studied by Cheung et al. (2017), also in the

context of dynamic pricing. Similarly, Ferreira et al. (2018) study Thompson sampling with inventory

constraints and a limited number of price changes.

3 Description of the context and data set

The context of study is that of a virtual outlet for �ash sales, an online business model that has

only been studied recently (Ferreira et al. 2015). It is quite di�erent from standard e-commerce

where a permanent store provides a discount for a period of time and then goes back to the regular

price. Instead, a �ash sales retailer's main activity is to organize sales events of limited duration that

connect two audiences and collect a margin in each transaction. On the one hand, it builds a large

user base of individual online consumers, that has access to exclusive deals from famous brands, at

deep discounts. On the other hand, it works with many brands, for which it organizes dedicated short

campaigns, usually lasting between 3 and 7 days and targeting the �rm's large customer base, invited

via email and mobile alerts to shop.

We interacted with a leading online �ash sales retailer active in several large Western countries.

We obtained a comprehensive data set that included all the clicks of customers in four countries over

three years (2013-2015), as well as stock availability information. In particular, we had access to

visits made to the �rm's platform (through web, mobile or app), either to the category or individual

products, and purchases, with their respective time stamps (detailed by hour). Given the size and

complexity of the data, we focus our study on one single country, although all our results can be

replicated in any other market. Table 1 provides an overview of the selected data set in terms of the

number of clicks and the units purchased for each year.

Online shopping in the described �ash sale retailing context unfolds through a sequence of customer

decisions. A customer walks through a sequence of stages from the moment she is informed about

a new campaign (noti�cation typically email or app push) until the moment she is able to place a

purchase order. The following list summarizes this sequence:

(i) The customer lands on the main page, from which she can access to the di�erent campaigns by

clicking to its corresponding image. At this stage only the brand or brands represented in the

campaign are displayed, together with the time until the campaign expires.

(ii) Once the customer enters into a given campaign, she visualizes a list of available products.

Information about the product is directly visible, through its image and description.
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2013 2014 2015

(Jan. 1 to Dec. 9)

Sum of clicks on campaigns (Arrivals/Entries) 375m 376m 432m

Sum of clicks on products (Interests) 156m 170m 213m

Sum of units purchased (Orders) 4.6m 5.0m 5.6m

Number of campaigns 2,288 2,904 3,747

Number of products 358,470 536,776 1,033,586

Number of SKUs 1,104,539 1,478,311 2,313,009

Table 1: Descriptive statistics of the clickstream data set.

(iii) She can click into an individual product to obtain further details on the product (availability

by size for example) or she can add it to her shopping cart for reviewing it later.

(iv) Once the customer has selected all the products that are interesting to her, she can remove

some of the selected items and check out to place the order.

After an order has been placed, the items arrive at her home in a few days or weeks. Items can

be returned, but at a charge (shipping cost), so the rate of returns at this �rm is low.
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Figure 1: Time dynamics of the total web arrivals and product units sold, per day.

Although the available clickstream data would allow us to model shopping behavior at the cus-

tomer level, we focus here on aggregate clicks and purchases over all users on an hourly basis (a

time window comprising 25,752 hourly observations), for each of the campaigns, products and SKUs.

Indeed the focus is to provide aggregate predictions of the demand at the SKU level so as to better

match that demand to available supply. There are two main approaches to provide such demand

forecasts. We can resort to a direct SKU-level demand forecast exercise, as in Ferreira et al. (2015),

using as covariates the features associated with each observation (campaign, product and SKU char-

acteristics). The alternative, that we develop here, is to forecast, in a hierarchical fashion, higher
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level variables �rst (arrivals to the platform), and then forecast the conversion probabilities to a lower

level (e.g., from arrivals to campaign visits, or from campaign visits to product clicks). While the

former has the advantage of simplicity, it has the drawback of missing possible shocks related to higher

levels, such as a negative shock on the entire campaign that reduces sales for all the corresponding

SKUs. A priori, the use of higher level information should be quite informative: Figure 1 illustrates

the strong synchronization between high-level indicators (arrivals to the platform) and low-level ones

(units ordered). We re�ect this feature in our analytical model as explained next, and compare later

in �5.4 direct vs. hierarchical forecast procedures.

4 The AEIO Model

Let us �rst de�ne the notation for the model. Throughout the paper all vectors will be denoted by

boldface characters and assumed to be column vectors. Sets are represented in calligraphic letters:

T set of time periods measured in day-hours T = |T | (e.g., April 20 2015, 18:00).
J set of products with J = |J |.
C set of campaigns with C = |C|.
Because any product j ∈ J belongs to a unique campaign c ∈ C, we let c(j) be this unique

campaign. We also de�ne the relevant time periods for campaigns, calling t⋆c the time in which

the campaign c starts (the time at which it is available to some customers, e.g., typically premium

customers), t0c the time in which the campaign c open to all (after which most of the tra�c enters),

and t†c the time in which the campaign c ends. We call the period between t⋆c and t0c the pre-opening,

and the period between t0c and t†c the regular campaign. About 25% of campaigns had a pre-opening,

but these percentage increased in 2015 and it is now common to run a pre-opening. We also note by

C(t) the set of campaigns active at time t, by J (c) the set of products of the campaign c, and by

J (c, t) the set of products belonging to the campaign c that are available at time t, i.e., not sold out.

We model a collection of dependent variables that determine the aggregate shopping behavior of

the �rm's customers, and several independent variables, which are used as covariates to account for

known sources of variation. The dependent variables are:

At Arrivals to the web page at time t ∈ T , i.e., total number of customer clicks.
Ect Entries into a given campaign c ∈ C out of all clicks at time t ∈ T . Note that At =∑

c∈C(t)Ect. Indeed, we do not have total platform tra�c, so we construct it from campaign

clicks, and hence ignore possible landings to the platform that do not visit any campaign.

Ijt Interests in a product, measured by the number of add-to-cart or product views for product

j ∈ J at time t ∈ T . When a customer both views and adds to cart an item, we count it

only once. This variable is used by the retailer and is considered to be more robust than

only considering add-to-carts, or only product views.

Ojt Ordered units of product j ∈ J sold at time t ∈ T .
Exogenous variables that in�uence At, Ect, Ijt and Ojt are denoted XA

t ,X
E
ct ,X

I
jt,X

O
jt , and the

model parameters associated with them θA,θE ,θI ,θO respectively. They generally contain time-
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dependent properties (weekday-hour, which capture the impact of push email marketing events that

usually happen at a certain time of the day, week of the year, or time trend; note that we cannot

include the number of active campaigns because it has high collinearity with the time trend), campaign

properties (attributes related to visible information including average list price which is a proxy for

brand strength), product properties (visible attributes such as product family, list price, number of

sizes available, etc.) and interactions (hours since a campaign opened, day of the campaign; e�ects

related to the time constraint put on the shoppers). These features are often used in the literature

and capture the elements that drive the shopping process, i.e., intrinsic shopping seasonality, tangible

product features (Ferreira et al. 2015) and appetite for novelty (Caro et al. 2014). We verify that

they indeed are very signi�cant in explaining the variation in sales performance. Tables 9-11 in the

Appendix provide speci�c details on these covariates.

Given the complexity of the shopping process (very high number of campaigns and products,

which change all the time), we design a hierarchical model with di�erent aggregation levels, which

we call layers. Our hierarchical model consists of four layers of information, one for each of the

dependent variables. For ease of notation we are going to call them layers A, E, I and O, respectively.

We �rst model the arrival process of customers to the platform, and then the branching process of

those arrivals into entries into campaigns, which then generate interest on products and �nally results

in realized sales of the SKUs related to those products. In other words, we model the shopping

funnel where events in each stage happen independently of other stages. The hierarchical structure

of this sequence of decisions can be captured by four sub-models, which are based on a collection of

conditionally independent distributions.

The �rst layer A accounts for the number of arrivals, i.e., clicks produced in the platform. For each

time t ∈ T , a Poisson-Gamma model is adopted to mirror the count process generating the observed

number of clicks At. This is a mixture of distributions, which was �rst derived by Greenwood and

Yule (1920) to account for over-dispersion commonly observed in discrete or count data. Ehrenberg

(1972) �rst proposed the usage of Poisson-Gamma distribution as a model for consumer behavior,

which resulted in a number of subsequent contributions on this vain (e.g., Poisson-Gamma models

applied to grocery store trips in Frisbie 1980, Weibull-gamma models in online retailing in Moe and

Fader 2002). Its popularity is due to the closed-form expression of the marginal distribution, which is

known to be negative binomial, and for its �exibility for modeling data over-dispersion. For regression

purposes, this distribution can be speci�ed in terms of its mean and variance, which are then related

to the explanatory variables XA
t :

E[At] = eθ
AXA

t and V ar[At] = E[At] +
E[At]

2

α
, (1)

The parameter α provides the required extra degree of freedom to allows for over-dispersion when

α < ∞ (indeed the empirical distribution of the number of arrivals to the platform supports the

presence of a substantial over-dispersion). Note that we tested other model speci�cations such as

lognormal or Poisson, but the negative binomial was found to be the one that performed best (it

resulted in the highest AIC).
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The second layer E explains how total arrivals are distributed across the di�erent campaigns. In

the data, we observed that launching a new campaign reduces the visits to other campaigns, so our

model needs to internalize substitution e�ects across campaigns. So we use a choice model, where a

visitor picks one among C(t) available campaigns (if one individual picks more than one campaign,

then we consider that it generates several arrivals; given the large number of individuals, choices can

still be regarded as independent). As long as the probability of each click is regarded as statistically

independent of the rest of clicks, visits to campaigns follow a multinomial distribution. Speci�cally,

the probability of this conversion is

ect :=
eθ

EXE
ct∑

c′∈C(t) e
θEXE

c′t
, for c ∈ C(t), t ∈ T . (2)

Note that we do not include an outside option here because At =
∑

c∈C(t)Ect. The expected number

of visits to campaign c at t is equal to E[Ect] = ectAt and the expected visit share is ect. This model

with substitution �ts the data better than a model without substitution (where Ect is modeled as a

binomial distribution with a branching probability that depends on XE
ct and At tries).

The third layer I describes the conversion mechanism of the clicks to each campaign into interest

in speci�c products within the campaign. Such interest is measured by either visits to the product

information page or clicks to add the product into the shopping cart (a pre-selection step before

con�rming the purchase). This variable was suggested by the analysts of the company and was

found to be more robust than only visits to the product information page or only pre-selection before

purchase clicks. We model the conversion step by a binomial branching. Note that we also tested

models with substitution but this required a signi�cantly more involved estimation e�ort and had

very similar performance to the proposed binomial branching, from a prediction standpoint. The

probability of this conversion is

ijt =
eθ

IXI
jt

1 + eθ
IXI

jt

, for j ∈ J (c), c ∈ C(t), t ∈ T . (3)

The fourth and last layer O encodes the �nal conversion mechanism from product interest into

actual product purchases. Again a binomial distribution is a natural representation of such probability

as long as each purchase is regarded as independent from others, which is reasonable given the large

number of individuals. The probability of this conversion is

ojt =
eθ

OXO
jt

1 + eθ
OXO

jt

, for j ∈ J (c, t), c ∈ C(t), t ∈ T . (4)

5 Empirical Results

In this section, we estimate the model described in �4 and in particular highlight the value of early

information to predict future behavior.
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5.1 Estimation and Cross-Validation Approach

The numerical results presented in this section are based on maximum likelihood estimation. Indeed,

with our speci�cation, the log-likelihood is concave in the parameters θA,θE ,θI ,θO because of known

properties of generalized linear models (McFadden 1974).

We estimate the model using a subset of the data (the training set) and then validate it by

generating out-of-sample forecasts that are compared to actual realizations. Since our data has

observations between January 1, 2013 and December 9, 2015, we opted to split the data in two,

obtaining a training set with data from January 1, 2013 to September 30, 2015 (we will call this

set Σ0), while the out-of-sample forecasts are performed in the data between October 1, 2015 and

December 9, 2015 (we will call this set Σ1). Choosing di�erent time partitions led to similar results.

For layers I and O, due to the large amount of products, we opted for taking a random sample (denoted

by Σp) of 10,000 products: hence, the training set, was the data in Σp ∩ Σ0, and the out-of-sample

results were considered in the entire Σ1, i.e., no sampling in the validation set.

We consider three model speci�cations with increasing levels of complexity for layers E, I and O:

- Baseline models E1, I1 and O1 involving life-cycle variables, i.e., related to the age of the

campaign, but no other campaign or product features (i.e., no heterogeneity).

- Complete models E2, I2 and O2 involving explanatory variables for campaign (in E2) or product

(in I2 and O2) attractiveness captured by attributes, besides the life-cycle variables already

present in E1, I1 and O1; note that these attributes are selected from tangible characteristics

such as category types, variety or price. See Tables 9-11 in the Appendix for more details.

- Saturated models E3, I3 and O3, involving campaign (in E3) or product (in I3 and O3) labels

(dummy variables) instead of their attributes, besides the life-cycle variables already present in

E1, I1 and O1;

For the models without campaign or product �xed e�ects (baseline and complete models), Σ0

provided estimators for all the covariates, hence we could provide a forecast out-of-sample, as reported

in �5.3. However, for the models with campaign or product �xed e�ects, we observed the appearance of

new features in Σ1 that were not present in Σ0, i.e., new campaign, product and SKU identi�ers. This

forced us to adjust the structure of the out-of-sample validation as shown in �5.3. Namely, there was

no adjustment for layer A (training with Σ0 and validation with Σ1). But in layers E, I and O, out-of-

sample forecasts were created by using the estimates from Σ0, together with an estimate of the �xed

e�ects just from the pre-opening (see �5.3 for more details). That is, predictions for a new campaign or

product combine information about general life-cycle drivers and individual characteristics estimated

from a few hours before the campaign opens.

5.2 Estimated Parameters

We report here the results for each layer and for the entire model (unconditional quantity of units

sold).
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Arrivals. We used a negative binomial speci�cation of (1). This choice is supported by the sig-

ni�cant over-dispersion in the model, as the estimated value of α is 5.80. McFadden's pseudo-R2 is

equal to 0.81 (24,017 observations; 220 variables; null deviance 133,955 vs. residual deviance 24,721;

AIC 518,954). Given that we are considering hourly observations in our model, this high accuracy

indicates that it is possible to generate high quality daily and weekly visit forecasts.

It is worth noting that the coe�cient for the linear time trend (measured in years) is equal to

0.0996 (p-value below 10−15), which means that tra�c is growing at 10% per year. Figure 2 reports

the estimated e�ects for seasonality. As we can observe, there are strong variations during the week

and during the year. In particular, as expected arrivals severely drop at the night and peak during

the morning (most campaigns open at 7:00 am).
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Figure 2: Estimated seasonality e�ects in model A, for (1).

Entries into a campaign. The branching of arrivals into campaigns is based on the conditional

multinomial model (2). As previously mentioned, the substitution structure is necessary to account

for the fact that, when a new campaign is launched, the number of visits to older campaigns drops

signi�cantly.

We identi�ed two sets of variables that explained the di�erences of visits across campaigns. The

�rst one includes campaign life-cycle factors. Namely, the amount of clicks to a campaign varies

strongly during its duration, peaking at the moment of launch t0c and decreasing afterwards. The

second set of variables includes campaign characteristics, which are associated to visible information

for the shopper, such as whether the products come from an expensive brand, or whether the campaign

includes a single brand or multiple ones, see Table 10 for more details. They are important because we

�nd very successful campaigns next to others much less popular. Note that we do not add seasonality

variables because, by construction, the sum of campaign shares is equal to one and thus does not vary
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over time.

The three model speci�cations at layer E are: model E1 (baseline model), where we only in-

cluded life-cycle variables but no other campaign feature (i.e., no heterogeneity); model E2 (complete

model), where we added variables for campaign attractiveness captured by attributes (including num-

ber of products, average price, whether it had more than one brand included, whether the campaign

had a pre-opening, etc.); and model E3 (saturated model), where, besides life-cycle variables, cam-

paign attractiveness was included through a campaign dummy instead of attributes. Models E1, E2

and E3 are compared to a null model E0 without life-cycle nor characteristics, i.e., one where all

campaigns have the same attractiveness (i.e., ect is one over the total number of active campaigns).

This comparison is measured by McFadden's pseudo-R2 and AIC. Table 2 contains the results of the

estimation.

Model

E1 E2 E3

Life-cycle

In pre-opening -0.66*** -1.73*** -1.69***

t− t_0c (hours) -0.09*** -0.09*** -0.09***

t− t_⋆c (hours) 0.07*** 0.04*** 0.03***

Day 1 1.46*** 0.64*** 0.68***

Day 2 0.82*** 0.11*** 0.14***

Day 3 0.48*** -0.05*** -0.03***

Last day -2.77*** -2.88*** -3.14***

Campaign

None Duration FE Campaign FE

With pre-opening 0.89***

Log of average of campaign list prices -0.11***

Single brand 0.21***

Time trend (years) 0.19***

Number of observations 1,151,746 1,151,746 1,151,746

Number of variables 7 17 7,953

Log-likelihood -3,736,469,200 -3,591,148,588 -3,399,893,797

Pseudo-R2 44.6% 63.7% 88.7%

AIC 7,472,938,415 7,182,297,209 6,799,803,498

Table 2: Estimates of model (2), for the three speci�cations E1, E2 and E3. P-values: *** (< 0.1%),

** (< 1%), * (< 5%).

As we can see in the table, model E1 performs much better than a model without covariates, as

its AIC decreases and pseudo-R2 increases to 0.446. In other words, life-cycle factors are of primary

importance in the prediction of campaign clicks Ect. We see that tra�c during the life of the campaign

varies strongly: it decays over time, and in particular the �rst day has the highest tra�c (e1.46 = 4.3

times higher). The �rst hours of a campaign also exhibit strong decay (−9% per hour since start, up

to a maximum of 12h). In further re�nements of our models, we saw that this decline was only present

for campaigns without pre-opening, while there was a slight increase in tra�c for those campaigns
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with a pre-opening: the lack of decay seems to occur because the more impatient customers are also

those that visit during the pre-opening. We also see that attractiveness is signi�cantly lower during

the pre-opening (e−0.66 = 0.51 of the attractiveness during the regular campaign), which re�ects

that the pre-opening is only available to a subset of customers. These �ndings remain similar across

models E2 and E3.

While model E1 is much better than E0, at the same time there is still a large amount of

residual uncertainty. This uncertainty can be further reduced by adding campaign characteristics as

covariates. Speci�cally, model E2 decreases AIC and increases pseudo-R2 to 0.637, i.e., clears about

a third of the uncertainty in model E1. We �nd that conversion increases for lower-price brands

and focused campaigns. Note that at this point only visible characteristics from the campaign choice

stage are included in the model. Speci�cally, we include average list prices as a proxy for brand

price positioning, but miss other relevant campaign features such as variety, actual prices or brand

perception.

Campaign heterogeneity is not fully captured unless campaign dummies are present, in model E3:

again AIC decreases strongly and leads to a pseudo-R2 of 0.887. This improvement occurs at the

expense of a large number of coe�cients (7,953 instead of 17). Interestingly, we �nd that campaign

dummies may vary by orders of magnitude (which amount to visits to campaign easily varying by

a factor of 1,000); this variation can not be captured in model E2 via campaign attributes, which

explains why E3 performs much better.

Interest in a product. The conversion from campaign clicks to product visit or add-to-cart is

based on the conditional binomial model (3). Because conversion propensity may vary over time, so

we include seasonality variables in our speci�cations. Again we constructed three model speci�cations:

model I1 (baseline model) included only seasonality and life-cycle variables, model I2 (complete

model) seasonality, life-cycle variables and product attributes, while model I3 (saturated model) had

seasonality, life-cycle variables and product dummies. These are compared to a model I0 without

seasonality, product dynamics nor heterogeneity. We estimated the model parameters θI using a

random subset of the original product-hour observations from the training set, which resulted in over

1.6 million observations. The estimates of the binomial model are presented in Table 3, together with

estimation details.
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Within−week seasonality in layer I

Figure 3: Estimated seasonality e�ects in speci�cation I3, for (3).
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Model

I1 I2 I3

Life-cycle

In pre-opening 0.11*** 0.10*** 0.14***

t− t0c (hours) -0.01*** -0.01*** -0.01***

t− t⋆c (hours) -0.01*** 0.003*** -0.001***

Day 1 0.14*** -0.02*** 0.06***

Day 2 0.08*** -0.04*** 0.04***

Day 3 0.05*** -0.07*** 0.01***

Last day -0.27*** -0.44*** -0.45***

Product

None Product category FE Product FE

With pre-opening 0.12***

Log of average of campaign list prices -0.38***

Log of number of campaign products -0.84***

Log of product list price 0.27***

Log of number of product sizes 0.05***

Ratio of price to list price 0.08***

Ratio of price to average campaign price 0.08***

Number of observations 1,696,331 1,696,331 1,696,331

Number of variables 175 322 9,680

Log-likelihood -21,591,350 -20,872,368 -19,930,067

Pseudo-R2 0.4% 24.0% 55.0%

AIC 43,183,051 41,745,379 39,879,493

Table 3: Estimates of model (3), for the three speci�cations I1, I2 and I3. P-values: *** (< 0.1%),

** (< 1%), * (< 5%).
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In contrast with model (2), the conversion propensity from campaign visits to product interest has

strong within-week variations, with peaks of conversion occurring during the evening and at night,

see Figure 3. Indeed, this seems to be the time where shoppers have more time to retrieve product

information, while they may be busy at work in the middle of the day. Also, life-cycle is much weaker

when it comes to product interest: while the pseudo-R2 of model E1 was quite high, that of model I1 is

0.004, much lower. This indicates that there is again a certain life-cycle in the conversion of campaign

visits into product interest, but much less pronounced compared to the life-cycle of the campaign.

Speci�cally, conversion tends to be higher during the pre-opening (if there is one) and slightly decay

over time, although reaching very low conversions towards the end of the campaign. Given that ijt

can be interpreted as the likelihood of putting product j into the consumer's consideration set, this

can be interpreted as shoppers having larger consideration sets in the beginning of a campaign, where

they seek information; later in the campaign consideration sets become smaller as customers may

have received information about products earlier in the campaign, and may be more selective.

The predictions of models I2 and I3 are signi�cantly more accurate, with lower AIC and pseudo-R2

of 0.240 and 0.550. We hence �nd signi�cant heterogeneity across products in the conversion between

campaign visits and product interest, even within the same campaign. In model I2, the likelihood to

seek more information about a particular product increases in campaigns with lower list prices and

reduced variety (hence lower competition for any product within the campaign). In addition, products

with higher list prices and higher actual prices (actual price to list price, and actual price to average

campaign price), and increased product complexity (hence more sizes to choose from) trigger more

information requests: these goods are also those with less discounts and with more uncertainty about

�t, thus generating more need for inspection from consumers; however, as seen in the next paragraph,

although interest is higher, conversion into a purchase is lower. Again, heterogeneity across products

is only captured fully by the use of product dummies in I3.

Orders of a product. The �nal conversion from product visit or add-to-cart into actual purchases

follows the conditional binomial model (4). We again estimated the model parameters θO using all

the SKUs related to the random subset that was selected in the previous layer I (cf. Table 3), i.e., we

included all the SKUs (i.e., combination of product and size) for the products for which interest was

expressed. To avoid censoring due to availability problems, we only considered observations during

the periods where there was positive stock of an SKU, and this is the reason why we do not include

inventory as a covariate in the model. As before, we build model O1 with seasonality and life-cycle

variables, O2 with seasonality, life-cycle variables and product attributes and O2 with seasonality,

life-cycle variables and product dummies, which are compared to O0 without seasonality, product

dynamics nor heterogeneity. Table 4 describes the results of the estimation.

As with submodel (3), we �nd that model O1 only provides a pseudo-R2 of 0.010. This means

that its predictive power is low even if seasonality and life-cycles in purchase conversion may be

signi�cant. In this case, the variation is opposite to that of clicks and interest, namely it increases

over the lifetime of the campaign. This means that early in the campaign, customers visit the site and
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Model

O1 O2 O3

Life-cycle

In pre-opening 0.07*** 0.07*** 0.11***

t− t0c (hours) -0.02*** -0.01*** -0.01***

t− t⋆c (hours) -0.05*** -0.04*** -0.04***

Day 1 -0.45*** -0.40*** -0.36***

Day 2 -0.16*** -0.12*** -0.12***

Day 3 -0.12*** -0.10*** -0.08***

Last day 0.29*** 0.34*** 0.52***

SKU

None Product category FE Product FE

With pre-opening 0.22***

Log of average of campaign list prices -0.21***

Log of number of campaign products -0.03***

Log of product list price -0.52***

Log of number of product sizes -0.82***

Ratio of price to list price -1.27***

Ratio of price to average campaign price -0.22***

Number of observations 3,914,891 3,914,891 3,914,891

Number of variables 175 322 9,680

Log-likelihood -453,566 -418,615 -392,245

Pseudo-R2 1.0% 13.1% 22.2%

AIC 907,481 837,873 803,850

Table 4: Estimates of model (4), for the three speci�cations O1, O2 and O3. P-values: *** (< 0.1%),

** (< 1%), * (< 5%).
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obtain information about products, but they make a purchase with lower probability, compared to

later in the campaign. In particular, the likelihood of making a purchase strongly increases between

the �rst and second day, and makes a very signi�cant jump up of more than 30% in the last day of

a campaign (although it is also true that the amount of product interest also reduces considerably

during the last day). There are also strong within-week variations, as shown in Figure 4, with peaks

in the middle of the day. In other words, while product interest and browsing are weakest during

the day, decisions about purchasing are highest at that time. This suggests that shoppers retrieve

information during evening and night, but they place their orders during the day.
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Figure 4: Estimated seasonality e�ects in speci�cation O3, for (4).

Again we �nd that product heterogeneity is strong and can only be fully captured by models O2

and O3, with lower AIC and a pseudo-R2 of 0.131 and 0.222. In model O2, we see that purchase

conversion is driven by both campaign e�ects and product features. Speci�cally, campaigns with lower

list prices and less variety tend to have higher conversions. Furthermore, product features matter

even more and in the opposite direction to that of layer I: items with lower list prices, higher discounts

(compared to the list price and the average price within the campaign) and fewer available sizes have

higher conversions, due to higher value and reduced �t risks to consumers. In model O3 we see that

again including individual product information allows us to increase the goodness-of-�t. One could

think that 0.222 is still a poor pseudo-R2. However, one should keep in mind that Ojt is a process

made of zeros almost always, and ones sometimes. As a result, it is di�cult to improve the �t any

further.

Finally, we examined the correlation between product dummies in O3 and those from model I3:

it is small and slightly negative (equal to -0.12) which suggests that the two layers indeed capture

two di�erent shopping moments that are unrelated to each other (putting the product into the con-

sideration set and then making a choice). More importantly, this implies that to generate accurate

predictions, we need to create separate models for interest and purchase.

5.3 Model Validation

The results presented so far indicate that while it is possible to obtain fairly accurate predictions

of total visits At, the amount of uncertainty becomes very high at the campaign, product and SKU

levels. There are three reasons for this. First, conversion averages are very small because they turn
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aggregated metrics into lower-level ones - for example from campaigns to products, and from products

to SKUs. As a result, the resulting variables are highly volatile. Second, there is a large amount of

variation in the behaviors too, and this is captured in our model through heterogeneity in campaigns

and products. Third, the process re�ects the simultaneous e�ect of several sources of variability,

which cannot be easily reduced to a few model covariates. Table ?? summarizes the breakdown of

uncertainty in each of the stages.

Layer

A E I O

Model

1

81%

44.6% 0.4% 1.0%

2 67.6% 24.0% 13.1%

3 88.7% 55.1% 22.2%

Table 5: In-sample model uncertainty reduction for each of the stages, measured in pseudo-R2. The

comparison of AIC provides similar insights.

We validate here the quality of the models, through the analysis of in- and out-of-sample predic-

tions. For this purpose, we show the comparison between the hour-level predictions of the model Ẑ

and their realizations Z, where Z is the hour-level value of At, Ect, Ijt, Ojt, in Figures 8-11 in the Ap-

pendix. We separate this illustration in two, within sample on the left plots (the training sample set

between January 1, 2013 and September 30, 2015) for models A, E1, I1 and O1 and E2, I2, O2, and

out-of-sample on the right plots (the validation sample set between October 1, 2015 and December

9, 2015). To complement these �gures, we add histograms in the background to inform about the

cumulative distribution of observations over the di�erent predicted values. We see in the �gures that

the prediction accuracy of the models is similar in- and out-of-sample, which suggests that it is ade-

quate for forecasting purposes. However, the in-sample error in models E1, I1 and O1 is signi�cantly

higher than that in models E2, I2 and O2, respectively.

Further, we tested the performance in-sample of models E3, I3 and O3 (shown below in Figures

5-7) and found that it provided a considerable improvement. The improved performance of models

E3, I3 and O3 compared to E2, I2 and O2 highlights that there is signi�cant heterogeneity across

campaigns and products. In particular, we have introduced campaign �xed e�ects in the second layer

E and product �xed e�ects in the third and fourth layers I and O, because campaign and product

features were not able to capture the high degree of variation: indeed success of fashion goods cannot

be predicted a priori (Christopher et al. 2004).

Unfortunately, we cannot use such �xed e�ects for out-of-sample forecasting, e.g., to predict what

will sell from the products launched next week. Given that these dummies are very informative, we

here design an alternative approach so that early information about campaigns and products can be

used to improve forecasts. We use a well-established idea from Fisher and Raman (1996) or Moe

and Fader (2002): by observing early �sales� � any information that suggests that a campaign or

a product will be successful � we can improve forecasts signi�cantly. Speci�cally, we observe the
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behavior of a certain campaign and product over their �rst hours, and we estimate the campaign and

product dummies, while keeping all other estimators �xed. In the case when there is no information,

we simply use as dummy the average of the dummies for those products in the sample that also

had no information in the early hours (this is equivalent to regressing the missing dummies against

the observed dummies, using lack of observation as an explanatory covariate). For example, when

there are no orders in these early hours, we set the product dummy equal to the average of the

product dummies for all the products in the sample that did not have receive any early order. After

the dummies have been computed, we re-forecast the di�erent indicators in our model with these

updated informative dummies.

As suggested by the �ash sales retailer, we use pre-opening information (the number of visits and

sales of the products during the time periods that were only available to premium users, before it

is open to all). Even if users arriving in the pre-opening are structurally di�erent from those that

arrive later (because the pre-opening may be restricted to premium customers only), we expect that

preferences over the di�erent products should exhibit similarities, and hence this can provide valuable

information to detect the success of a campaign or a product during the main campaign. One concern

to implement this idea is that, since the number of products is very large, most products sell very

small amounts during the �rst hours of a campaign. Fortunately, even in that case, the layered

structure of our model is able to detect higher-than-average clicks on the campaign (Ect) or on the

product (Ijt), so this information will increase the likelihood of higher-than-average future purchases.

Our method is tested in the period after October 1, 2015, which contains 652 campaigns, 146,479

products and 349,881 SKUs, with a pre-opening. Some of them have extremely low tra�c, which

could indicate that the pre-opening did not occur in reality, so we �lter them out and obtain a �nal

sample of 592 campaigns, 106,527 products and 329,218 SKUs. Figures 5-7 show the results of this

re-optimization procedure. We observe that the approach slightly overestimates the prediction of

campaign entries, especially for high-tra�c campaigns, and underestimates those with low-tra�c.

Upon closer inspection, this is due to the fact that, to produce a prediction, campaigns that will

be launched after the estimation date are unknown (in the sense that their attractiveness is not

estimated) and are thus attributed the average attractiveness (mean of the �xed e�ect for concurrent

campaigns), which di�ers from the true attractiveness. Note that this divergence is not present in

model E2, which produces a di�erent attractiveness for each campaign based on attribute di�erences.

In contrast, our procedure delivers excellent results for layers I and O.

To con�rm the qualitative insights from the discussion above, we report the distribution of absolute

percentage errors (APE) of the item-level prediction. Speci�cally, for each campaign (in layer E),

product (in layer I) and SKU (in layer O), we respectively compute the predicted number of entries,

conditional on arrivals (which are an input to the prediction); the predicted number of interests,

conditional on campaign entries; and the predicted number of orders, conditional on product interests.

We then sum these predictions over all the hours in which the items were sold, and obtain a total

prediction Ẑ, which combines conversion probabilities given by our model with actual number of

potential arrivals, entries and interests respectively. We compare Ẑ to the actual realization Z, and
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(a) Speci�cation E3, in sample
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(b) Speci�cation E3, out of sample

Figure 5: Comparison between campaign clicks Êct from model (2) and actual Ect, conditional on

knowledge of At.
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(b) Speci�cation I3, out of sample

Figure 6: Comparison between product visits or add-to-cart Îjt from model (3) and actual Ijt,

conditional on knowledge of Ec(j)t.

measure the absolute percentage error |Z/Ẑ − 1|. Given that some forecasts might be very close to

zero, there might be extreme underestimations, so the use of mean absolute percentage error (MAPE)

is highly a�ected by those outliers and thus could be misleading. For this reason, we also report the

median APE, as well as di�erent quantile levels (indeed there is a large number of SKUs for which

there are no sales, thus generating an APE of one, which turns out be the median for layer O across

the three models).

Table 6 contains the results, both in- and out-of-sample. We see that indeed the more sophisticated

model 3 performs best compared to models 1 and 2. The di�erence is more pronounced for layers I

and O, with lower errors (lower MAPE for layers I and O, of 0.409 and 1.155 vs. 0.612 and 1.218

for model 2 and 0.806 and 1.505 for model 1 respectively), while qualitatively similar for layer E, as

pointed out above (MAPE of 0.401 for model 3 vs. 0.416 for model 2).

5.4 Comparison with other forecast approaches

To further assess the prediction accuracy provided by our AEIO hierarchical model, we compare in

this section the overall sales prediction provided by our model, i.e., the expected number of units sold

of a particular SKU, against the actual sales �gure. We also consider alternative methods used in

the literature, speci�cally the random forest approach developed in Ferreira et al. (2015), which has
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MAPE Median = Q50% Q80% Q90% Q95% Q99%

Layer E

In-sample

AEIO - model 1 0.577 0.397 0.840 1.071 1.683 3.841

AEIO - model 2 0.478 0.351 0.704 0.972 1.322 2.415

AEIO - model 3 0.006 0.000 0.000 0.000 0.000 0.158

Out-of-sample

AEIO - model 1 0.558 0.339 0.882 1.082 1.564 3.703

AEIO - model 2 0.416 0.354 0.570 0.815 0.976 1.991

AEIO - model 3 0.401 0.256 0.528 0.904 0.993 2.710

Layer I

In-sample

AEIO - model 1 0.931 0.667 1.000 1.508 2.758 6.424

AEIO - model 2 0.860 0.565 1.000 1.396 2.439 7.014

AEIO - model 3 0.209 0.000 0.001 1.000 1.000 2.776

Out-of-sample

AEIO - model 1 0.806 0.598 0.903 1.519 2.498 5.387

AEIO - model 2 0.612 0.497 0.785 0.970 1.607 3.472

AEIO - model 3 0.409 0.264 0.562 0.829 1.254 2.842

Layer O

In-sample

AEIO - model 1 1.748 1.000 1.032 2.998 5.819 18.206

AEIO - model 2 1.453 1.000 1.000 2.089 3.898 13.802

AEIO - model 3 0.968 1.000 1.000 1.000 2.000 6.500

Out-of-sample

AEIO - model 1 1.505 1.000 1.000 2.166 4.629 14.215

AEIO - model 2 1.218 1.000 1.000 1.385 2.730 8.512

AEIO - model 3 1.155 1.000 1.000 1.115 2.524 8.501

Table 6: In- and out-of-sample forecast accuracy of each layer's conversion probability prediction vs.

actual conversion value (layer E on top, layer I in the middle, layer O at the bottom). MAPE is the

mean absolute percentage error and Qx% represents the x% quantile of the distribution of absolute

percentage error.
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Figure 7: Comparison between product purchases Ôjt from model (4) and actual Ojt, conditional on

knowledge of Ijt.

been highlighted as one of the most accurate machine learning methods for forecasting purposes (Cui

et al. 2018). The di�erence between our approach and this latter technique is that random forest

is a direct forecasting method, in the sense that it uses campaign, product and SKU characteristics

for the prediction, but not the realization of tra�c variables (arrivals to the platform, entries into

campaigns, and interest in products). Hence, it has the advantage of optimizing the model to focus

on the variables of interest � orders received � but at the same time misses any relevant information

contained in higher layers. In contrast our model estimates conversion across layers, but has access

to potentially useful information on these higher layers.

Our implementation of random forest was the following. As Ferreira et al. (2015), we consider a

forest of 100 trees, with a maximum depth of 5 layers, and, to ensure a fair comparison, the same

covariates that were included in model 2: the age of the campaign, in hours, the hour of the day,

the week day, the average campaign price, the number of products within the campaign, the product

price, the discount percentage, the ratio of product price to average campaign price (to account for

price substitution in the same way as Ferreira et al. 2015). We trained the random forest model

with the same in-sample set from before (sample of 10,000 products before September 30, 2015), and

generated out-of-sample predictions afterwards on the validation set used to build Table 6.

We thus generate a prediction for each hour and SKU, following the di�erent models, which we

then aggregate into a single SKU prediction: the expected number of units sold for each SKU. Because

APE penalize predictions that are very close to zero (e.g., if the sales prediction is 0.01, when the

actual sale is zero, then APE is one; and when the actual sale is one, then APE is one hundred), we

select the 228,666 SKUs for which all forecasting methods provide a prediction of at least 0.5 units

sold for the entire sales window (results are similar when the threshold is above 0.1). For these, we

report the in- and out-of-sample performance for each of our three models against random forest in

Table 7. The table reports forecast accuracy at the SKU level. We observe that the random forest

benchmark provides a very satisfactory forecasting approach. It is superior to our model 2, with the

same information. This is true both in-sample and out-of-sample, with a similar performance (MAPE

of 1.273 vs 1.438 in sample, and MAPE of 1.053 vs. 1.127 out of sample). In contrast, random forest is

less competitive that our model 3, which has accounts for individual SKU �xed e�ects. The di�erence
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is very large in sample (MAPE of 1.273 vs. 0.545 for our model 3) because our model 3 is able to

account for individual characteristics. Out of sample the di�erence is less pronounced but still sizeable

(MAPE of 0.974 vs. 1.053), which indicates that indeed the use of individual item characteristics from

multiple layers, even from a few hours of observation, can signi�cantly improve demand forecasts.

MAPE Median APE = Q50% Q80% Q90% Q95% Q99%

In-sample

AEIO - model 1 2.147 0.911 2.411 4.943 8.201 21.360

AEIO - model 2 1.438 0.763 1.595 3.233 5.474 12.306

AEIO - model 3 0.545 0.399 1.000 1.000 1.404 2.532

Random forest 1.273 0.705 1.317 2.755 4.662 10.692

Out-of-sample

AEIO - model 1 1.837 1.000 1.279 3.441 6.572 19.159

AEIO - model 2 1.127 1.000 1.000 1.170 2.584 8.455

AEIO - model 3 0.974 1.000 1.000 1.000 1.791 6.092

Random forest 1.053 1.000 1.000 1.194 2.536 7.469

Table 7: In- and out-of-sample forecast accuracy of the sales prediction vs. actual realization, for our

three models and the random forest benchmark. MAPE is the mean absolute percentage error and

Qx% represents the x% quantile of the distribution of absolute percentage error.

6 Price Optimization

Our four-layered model for demand highlights that most uncertainty in product sales comes from the

high degree of uncertainty in campaign popularity (captured by a campaign parameter) and product

popularity (captured by two product parameters, one for interest and another for purchase). This

is problematic for the retailer because operational decisions take place at the SKU level: indeed it

reserves inventory and sets prices individually for each item. Even worse, these decisions are taken

before any of these uncertainties are cleared. One of the consequences is that sell-out rates (actual

sales divided by reserved inventory) are highly concentrated around zero or 100%, as also noted by

Ferreira et al. (2015).

What can the retailer do to improve its decisions? In our case, campaign �assortment� is �xed

(this is the outcome of a lengthy negotiation with the brands) and product inventory is an input (this

is left-over inventory from the brands). Thus the only relevant decision that the retailer can change

is price. We describe in this section how a �ash sales retailer can use price optimization to maximize

its pro�ts. We view this exercise as a proof-of-concept to extract value of the better forecast accuracy

associated with the AEIO model. In particular, we ignore potential strategic customer behavior

derived from price optimization, and hence a full validation would require a �eld experiment.

It is worth noting that Ferreira et al. (2015) take a similar approach. There, demand modelling

does not contain individual product features but instead uses regression trees based on product

characteristics; this does not capture the large amount of uncertainty at the product level. This
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means that our saturated models are able to provide more accurate predictions at the product level,

as shown in �5.4. For this purpose, we consider the e�ect of price variation on the demand. Although

the retailer does not currently change prices during the campaign, we can estimate the potential

improvement of doing so. It turns out that, since the end of our conversations with the retailer,

the �rm started modifying prices during the campaign, at most once, at the start of the regular

sales period, i.e., at the pre-campaign. The reason for this is that customer perception is minimally

a�ected yet pro�t improvement remains signi�cant: only a small fraction of customers has accessed the

campaign and thus received actual information about products or placed orders; in case a customer

has placed an order, our model would suggest price to go up, so it would not generally trigger a

complaint.

Since arrivals to the website and visits to campaigns occur without knowledge of the price, we

assume that At and Ect are independent of price. In contrast, Ijt and Ojt can be in�uenced by price,

which we denote as pjt for product j at time t. From models (2) - (4), we know that Qit follows a

binomial distribution with At tries and probability of success βjt = ec(j)tijtojt, which is a function of

pjt. Since we focus on a concrete product j, we drop the sub-index j in what follows.

We assume that the retailer posts a starting price pt = ppre for t ∈ [t⋆, t0). This initial price is

not subject to optimization, and, consistently with the platform's actual practices, follows a general

discount negotiated with the brand, uniformly applied to all products. After observing the demand

during the pre-campaign, as described in �5.3, the retailer is then able to change the price to pt = p for

t ∈ [t0, t†]. Following the structure of our model, we have that total (potential) demand for t ∈ [t0, t†]

can be written as
∑t†

t=t0
Binom(βt, At). This is a function of p to the extent that it in�uences βt. Let-

ting K be the total available inventory at t0, expected sales are Emin
(
K,

∑t†
t=t0

Binom
(
βt(p), At

))
.

Assuming without loss of generality that the cost of the product is zero (otherwise p can denote the

product's unit revenue minus unit cost), the retailer's optimization problem can thus be written as

maxp π(p) where

π(p) := p · E

min

K,

t†∑
t=t0

Binom
(
βt(p), At

) . (5)

Note that maximizing (5) is a pricing problem for the newsvendor and is well understood, see e.g.,

Petruzzi and Dada (1999). It turns out that when βt is stationary and well-behaved, pro�t is unimodal

and the optimal price can be determined by local search.

Proposition 1. When βt(p) is independent of t, let p(β) be the unique price such that βt(p) = p and

q(β) = Emin
(
K,

∑t†
t=t0

Binom
(
βt(p), At

))
.

(a) When
p′′

p′
− 2

p′

p
≥ 0 at all points where − p′

p
≤ 1

β
, (6)

there exists a unique β∗ that maximizes the retailer's pro�t, for any level of inventory and arrival

distribution. This maximum is uniquely characterized by
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−p′

p
=

q′

q
. (7)

(b) Condition (6) is satis�ed when conversion β is a logistic function of p, i.e., β(p) = ev−γp

1+ev−γp .

The proposition thus establishes regularity conditions on the price-conversion relationship to guar-

antee a single local optimum of the pro�t function. Note that these conditions are independent of

the level of inventory and the arrival stream distribution At. They require that p is not too convex

in the range where its relative decrease −βp′/p is small, which typically coincides with β being large

enough. This condition is satis�ed for the functional forms used in our empirical study. Note that

these results become di�cult to extend when βt(p) varies over time (which is the case in the data),

but fortunately the pro�t function seems to be quasi-concave in our proposed model, as tested in our

numerical experiments.

Furthermore, the pricing optimality condition (7) relates price sensitivity −p′/p ≥ 0 with the

relative increase in sales q′/q obtained by a marginal increase in conversion. Interestingly, inventory

K only appears in the term q′/q: as a result, when q′/q increases with K, which was veri�ed numer-

ically in the speci�cations we used, the optimal conversion increases and therefore the optimal price

decreases with K. For example, when β(p) = ve−γp

1+ve−γp and v is small enough, p∗ ≈ 1/γ and expected

revenue is equal to ve−1/γ. In contrast, when v is high, inventory limitations drive the optimal price

up so that items are still sold with high probability but also at higher unit margins. Hence, obtaining

better demand forecast through early clicks will allow the retailer to increase prices for items that are

expected to sell out, and to reduce them for the rest.

After establishing analytically the pricing optimality condition, we can reoptimize numerically

prices using our model. In that case βt = et
evi−γip

1+evi−γip
evo−γop

1+evo−γop . As discussed in the introduction,

because there is no price variation within a campaign at the moment (and hence in our data), we

cannot estimate price sensitivities γi and γo in models I3 and O3 respectively. Indeed lack of price

variation in an item makes price sensitivity unidenti�able when product dummies are used. To be

able to estimate it, one should introduce some random price variations (as opposed to endogenous

price variation as in Fisher et al. 2017) and introduce price as a covariate in our model 3 to obtain

product type or campaign price sensitivities. However, this is possible in models I2 and O2: we thus

use price sensitivity γi = −0.08/LISTP − 0.08/AV GP where LISTP is the list price of product j

and AV GP is the average actual price of campaign c(j) (negative because higher prices trigger higher

requests for information, see Table 3); and γo = 1.27/LISTP + 0.22/AV GP (see Table 4).

To illustrate this procedure, we select 10 random campaigns run after October 1, 2015, all of

them o�ering a pre-opening. We replicated sampling several times and obtained similar results.

These campaigns include 4,512 SKUs. We estimated models E3, I3 and O3 during the pre-opening

to generate campaign and product dummies. Using price sensitivity γi and γo described above, we

proceed to optimize price individually for each campaign, taking into account actual arrivals At and

the actual inventory level available for the SKU. In order to avoid unrealistic price changes, we limit
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the possible price variation to -/+ 100% of the current price. This implies that even in the highest

price increase the product will still be heavily discounted in comparison with the list price.

Table 8 shows the results of price optimization. We separate items by the ratio of forecast demand

with price ppre to available inventory, in six bins for predicted sell-out. We then report for each bin

the actual sell-out and stock-out rates, and the average suggested variation in price and revenue.

Predicted sell-out <10% 10-30% 30-50% 50-70% 70-90% >90% All

Number of SKUs 963 1,145 633 405 377 989 4,512

% of SKUs 21.3% 25.4% 14.0% 9.0% 8.4% 21.9% 100.0%

Average actual sell-out 5.2% 13.0% 19.5% 27.8% 36.6% 56.3% 25.0%

Actual stock-out rate 0.0% 0.8% 2.8% 8.6% 18.0% 43.7% 12.5%

Average suggested price variation 58.4% 61.5% 62.4% 65.0% 71.7% 93.8% 69.2%

Average revenue improvement 12.3% 13.4% 14.3% 16.1% 25.0% 72.8% 27.5%

Table 8: Segmentation of the 4,512 SKUs by predicted sell-out rate.

From the third and fourth rows of the table, we see that our approach tends to slightly overestimate

sell-out (because for instance predictions of > 90% result in a value of 56%), especially for high

predictions. On the other hand, it provides an excellent classi�cation of SKUs: the items for which

we predict lower sell-out rates indeed sell on average less and rarely stock-out; in contrast, those with

higher sell-out rates sell strongly, e.g., when predicted sell-out is higher than 90%, then actual sell-out

rate is highest at 56% and there is a stock-out event 44% of the time. This again means that early

clicks are quite informative to separate the items that will have higher demand.

Furthermore, our optimization procedure, which is applied for each item independently, suggests

that prices should be generally increased. More importantly, items with lower predicted sell-out

should increase their price at the expense of a reduction in sell-out rate, thereby improving pro�t

by 12− 16% despite suggested price increases of 58− 65%. In contrast, items with higher predicted

sell-out should increase price more (+94% on average, which suggests that for a large majority the

limit of +100% price variation becomes active). Because these items were inventory-constrained, the

decrease in demand does not reduce expected sales much, leading to a predicted revenue improvement

of 73%. This implies that revenue improvement is generally quite signi�cant, especially for items likely

to sell-out, for which predicted revenue improvement is highest. This also means that, in case impact

on consumers has to be minimized, it is advisable for the retailer to focus on the items with high

predicted sell-out (only 22% of the SKUs), for which a steep price increase should be applied and

which results in the strongest pro�t improvement. For instance, in Table 8, if all SKUs have their

prices modi�ed as suggested, total revenue would increase by 27%, but when the intervention only

applies to the SKUs with predicted sell-out above 90%, total revenue would increase by 18% already.

In summary, this exercise illustrates the value of our model: early clicks provide a more precise

forecast at the SKU level, and speci�cally allow us to separate items that are underdemanded from

those that will sell out completely. As a result, after a few hours of operation, our model can guide
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price reoptimization to increase pro�ts. Our simulation suggests that such price updates can generate

signi�cant improvements in pro�ts by better matching supply and demand.

7 Conclusion

In this paper, we have developed a demand model for �ash sales, which is a growing business model

for online retailers where products are sold for a short time window at heavy discounts. The model

incorporates four di�erent layers that capture the interactions of visitors with campaigns �rst, and

products second, from acquisition of information to purchase. The �rst layer captures the number of

visitors arriving to the online platform and the three others represent the conversion from one stage to

the next, conditionally on previous layers. Our framework allows to separate e�ects of time variations

(seasonality and life-cycle patterns) from item characteristics (campaigns and products). Despite its

conceptual complexity, the model can be easily estimated using standard likelihood maximization.

We illustrate the use of our model with an application to a large data set of hourly observations

over 3 years, with millions of clicks and products. We �nd strong evidence of life-cycle variations, with

an intense browsing behavior at the beginning of a campaign but a stronger purchase behavior at the

end of it. We also see high degree of heterogeneity across campaigns and products, which implies that

models with individual �xed e�ects tend to perform much better from a goodness-of-�t perspective.

In particular, we develop a method to learn about new products performance by observing a few hours

of activity. These �early clicks� can then be used to improve demand forecasts. This improvement

can be particularly valuable to the retailer because it can adjust prices to better match supply and

demand. A simulation with several campaigns chosen randomly shows that, according to our model,

such price reoptimization can deliver signi�cant increases in revenues. The increase in revenue is most

signi�cant for items that are predicted to stock out with high likelihood.

Our hierarchical perspective can thus help retail operations by providing insight about customer

behavior inside the shopping funnel, by improving forecast accuracy and by allowing the retailer to

learn about demand faster than direct demand models that do not have access to updated information

obtained from higher-level layers.

Our study reveals further opportunities for improving the �ash sales business model. Our detailed

data set allows to empirically uncover rich patterns on search and purchase behavior. Instead of

focusing on product performance as done here, it is possible to examine individual responses to

several aspects of online operations, such as product display and visibility, inventory availability and

ful�llment lead-times. These responses can be mapped into many dimensions too, such as customer

visit frequency and depth (number of clicks), purchase amounts or returns. In addition to this

empirical research agenda, another direction of future research is to develop analytical models that

consider customer browsing and purchasing, in the line of Wang and Sahin (2016) or Bernstein et al.

(2018).
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Appendix: Proofs and Additional Information

Proposition 1

Proof. For every realization of uncertainty ε (which includes A and any other model-related uncer-

tainty such as product attractiveness) and every price p, we de�ne β(p, ε) as the conversion. Letting

ϕ(β) = Emin{K,
∑A

i=1Xi} where Xi is a Bernoulli variable with probability β, we have

q = Eεϕ
(
β(p, ε)

)
= Eε

[ ∞∑
i=1

A!

i!(A− i)!
min{K, i}βi(1− β)A−i

]
.

As a result,

dq

dp
= Eε

∂β

∂p

[ ∞∑
i=1

A!

i!(A− i)!
min{K, i}

(
iβi−1(1− β)A−i − (A− i)βi(1− β)A−1−i

)]

= Eε
∂β

∂p

[
A

∞∑
i=1

(A− 1)!

(i− 1)!(A− i)!
(min{K, i} −min{K, i− 1})βi−1(1− β)A−i

]

= Eε
∂β

∂p

[
A

∞∑
i=0

(A− 1)!

i!(A− 1− i)!
1i≤K−1β

i(1− β)A−1−i

]
= Eε

∂β

∂p

[
A1∑A−1

i=1 Xi≤K−1

]
≤ 0,

because ∂β/∂p ≤ 0. Also,

d2q

dp2
= Eε

(
∂β

∂p

)2
[
A

∞∑
i=0

(A− 1)!

i!(A− 1− i)!
1i≤K−1

(
iβi−1(1− β)A−1−i − (A− 1− i)βi(1− β)A−2−i

)]
+Eε

∂2β

∂p2

[
A1∑A−1

i=1 Xi≤K−1

]
= Eε

(
∂β

∂p

)2
[
A(A− 1)

∞∑
i=1

(A− 2)!

(i− 1)!(A− 1− i)!
(1i≤K−1 − 1i−1≤K−1)β

i−1(1− β)A−1−i

]
+Eε

∂2β

∂p2

[
A1∑A−1

i=1 Xi≤K−1

]
= −Eε

(
∂β

∂p

)2
[
A(A− 1)

∞∑
i=0

(A− 2)!

i!(A− 2− i)!
1i=K−1β

i(1− β)A−2−i

]
+Eε

∂2β

∂p2

[
A1∑A−1

i=1 Xi≤K−1

]
= −Eε

(
∂β

∂p

)2 [
A(A− 1)1∑A−2

i=1 Xi=K−1

]
+Eε

∂2β

∂p2

[
A1∑A−1

i=1 Xi≤K−1

]
≤ Eε

∂2β

∂p2

[
A1∑A−1

i=1 Xi≤K−1

]
.

Note that q ≥ Eε[βA1∑A
i=1 Xi≤K ] ≥ Eε[βA1∑A−1

i=1 Xi≤K−1], regardless of the functional form of A and

the value of K. At a price that maximizes π = pq, π′ = 0 = q + p · dq/dp, which implies

Eε

(
β + p

∂β

∂p

)
[A1∑A−1

i=1 Xi≤K−1] ≥ 0
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π is quasi-concave when, in all such p, π′′ = 2dq/dp+ p · d2q/dp2. Noting that

π′′ ≤ Eε

(
2
∂β

∂p
+ p

∂2β

∂p2

)
[A1∑A−1

i=1 Xi≤K−1]

it is su�cient that for all weights wε ≥ 0 such that
∑

ε

(
β + p∂β

∂p

)
wε ≥ 0,

(
2∂β
∂p + p∂2β

∂p2

)
wε ≤ 0, i.e.,

part (a).

For part (b), consider a logistic conversion where β(p, ε) = eε−γp

1+eε−γp . Without loss of generality,

we can prove the property with the case γ = 1. In this case,

∂β

∂p
= − eε−p

(1 + eε−p)2
and

∂2β

∂p2
=

eε−p

(1 + eε−p)2
− 2(eε−p)2

(1 + eε−p)3.

Since condition (6) involves ratios of the derivatives of p, we can without loss of generality consider

only β such that p(β) > 0. The points for which −p′/p ≤ 1/β satisfy 1/(1 − β) ≤ − ln(β) + ln(1 −
β) + ln(v), i.e., β ≥ β0 where β0 is the unique solution to 1/(1 − β) = − ln(β) + ln(1 − β) + ln(v).

The condition p′′

p′ − 2p′

p ≥ 0 becomes

1

β
− 1

1− β
≤

2( 1β + 1
1−β )

− ln(β) + ln(1− β) + ln(v)
.

This is satis�ed in two cases: when β ≥ β0 ≥ 1/2; or when β0 ≤ β < 1/2 and

0 ≥ − ln(β) + ln(1− β) + ln(v)−
2( 1β + 1

1−β )
1
β − 1

1−β

= − ln(β) + ln(1− β) + ln(v)− 2

1− 2β
,

which is true at β = β0 because
1

1−β0
− 2

1−2β0
≤ 0 when β0 < 1/2; and as β increases the variation of

the right-hand side is − 1
β − 1

1−β − 4
(1−2β)2

≤ 0. This completes the proof of part (b).

AEIO Model Covariates and Validation

Covariate Description

DAYHOURdh
t Dummy for day-hour d = Monday, . . . , Sunday, h = 0, . . . , 23: captures

during-week seasonality

WEEKw
t Dummy for week w = 1, . . . , 52: captures seasonality over the year

TIMEt Number of days since the beginning of the data: captures growth of total

tra�c during the time

Table 9: Detail of covariates XA
t corresponding to layer A, characterizing the arrival distribution (1).
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Covariate Description

AGEct = t− t0c Hours since campaign started: captures decay of interest (Caro et al.

2014)

DAY Sd
ct Dummy for campaign being in days d = 1, 2, 3 since start, in its last day

d = last or during pre-campaign d = pre: captures opening and ending

e�ects (Eliashberg et al. 2009, Martínez-de-Albéniz and Valdivia 2016)

WITHPREOPc Dummy for whether campaign c had a pre-opening: captures hetero-

geneity in campaign type

LOGAV GLISTPc Log of average of list price of all products in campaign c: captures brand

strength

SINGLEBRANDc Binary variable of whether campaign c only carries one brand: captures

campaign focus

TIMEc Day number since the beginning of the data of the opening date of cam-

paign c: captures increase in campaign attractiveness over time

Table 10: Detail of covariates XE
ct corresponding to layer E, characterizing the conversion probability

(2). Note that only active campaigns are included at time t.
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(b) Out of sample

Figure 8: Comparison between predicted arrivals Ât from model (1) and actual arrivals At, using the

negative binomial speci�cation. In each panel, the sample mean (red solid line) is compared against a

100% accuracy (black dotted line). The dashed lines represent the mean plus and minus the standard

deviation.
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Covariate Description

AGEc(j)t = t− t0c(j) Hours since campaign c(j) to which product j belongs started: captures

decay of interest (Caro et al. 2014)

DAY Sd
c(j)t Dummy for campaign being in days d = 1, 2, 3 since start, in its last day

d = last or during pre-campaign d = pre: captures opening and ending

e�ects (Eliashberg et al. 2009, Martínez-de-Albéniz and Valdivia 2016)

WITHPREOPc(j) Dummy for whether campaign c(j) had a pre-opening: captures hetero-

geneity in campaign type

LOGAV GLISTPc(j) Log of average of list price of all products in campaign c: captures brand

strength

LOGPRODUCTSc(j) Log of the number of products in campaign c(j): captures substitution

options to product j

PRODTY PEj , Categorical variable describing the category of product j: captures vari-

ations across categories

LOGLISTPj Log of list price of product j: captures quality perception

LOGSIZESj Log of the number of sizes within product j: captures potential di�cul-

ties on �nding the right size (Gallino and Moreno 2015)

RATIOPtoLISTPj Ratio of actual price of product j to list price of product j: captures

sensitivity to discount

RATIOPtoAV GPj Ratio of actual price of product j to average actual price among all

products of campaign c(j): captures reference e�ects from campaign

pricing (Ferreira et al. 2015)

Table 11: Detail of covariatesXI
jt = XO

jt corresponding to layers I and O, characterizing the conversion

probabilities (3)-(4). Note that only active campaigns are included at time t. For layer O, we note

that observations where inventory is stocked-out are removed (they cannot be clicked on the website),

so there is no need to control for stock availability.
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(a) Speci�cation E1, in sample

Estimation

R
ea

liz
at

io
n

0
75

0
1,

50
0

3,
00

0

0 500 1,000 1,500 2,000

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

F
re

qu
en

cy

(b) Speci�cation E1, out of sample
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(c) Speci�cation E2, in sample
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(d) Speci�cation E2, out of sample

Figure 9: Comparison between campaign clicks Êct from model (2) and actual Ect, conditional on

knowledge of At.

Estimation

R
ea

liz
at

io
n

0
1.

5
3

4.
5

6

0 1 2 3 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

F
re

qu
en

cy

(a) Speci�cation I1, in sample
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(b) Speci�cation I1, out of sample
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(c) Speci�cation I2, in sample
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(d) Speci�cation I2, out of sample

Figure 10: Comparison between product visits or add-to-cart Îjt from model (3) and actual Ijt,

conditional on knowledge of Ec(j)t.
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(a) Speci�cation O1, in sample
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(b) Speci�cation O1, out of sample
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(c) Speci�cation O2, in sample
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(d) Speci�cation O2, out of sample

Figure 11: Comparison between product purchases Ôjt from model (4) and actual Ojt, conditional

on knowledge of Ijt. Note that dashed lines do not appear here because actual purchases take values

of 0, 1 or higher integers, thus not shown on the graph.
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