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ABSTRACT
Speed of delivery is critical for the success of e-commerce platforms.
Faster delivery promise to the customer results in increased conver-
sion and revenue. There are typically two mechanisms to control
the delivery speed - a) replication of products across warehouses,
and b) air-shipping the product. In this paper, we present a machine
learning based framework to recommend air-shipping eligibility
for products. Specifically, we develop a causal inference framework
(referred to as Air Shipping Recommendation or ASPIRE) that bal-
ances the trade-off between revenue or conversion and delivery cost
to decide whether a product should be shipped via air. We propose
a doubly-robust estimation technique followed by an optimization
algorithm to determine air eligibility of products and calculate the
uplift in revenue and shipping cost.

We ran extensive experiments (both offline and online) to demon-
strate the superiority of our technique as compared to the incum-
bent policies and baseline approaches. ASPIRE resulted in a lift of
+79 bps of revenue as measured through an A/B experiment in an
emerging marketplace on Amazon.

CCS CONCEPTS
• Computing methodologies → Causal reasoning and diag-
nostics; • Information systems→ Recommender systems.
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1 INTRODUCTION
In the absence of sufficient data, business decisions are often based
on intuitive, broad-brush "back of the envelop" rules, without de-
tailed evaluation of the impact of the decisions. While intuition is
important for strategic decision making, following scenarios ne-
cessitate data-driven decisions: 1) a manufacturer providing all
accessories at a 30% discount, to increase the sales of a car, without
measuring the impact of the discount, 2) an e-commerce company
selling all low-cost products only in quantities greater than 3 to
minimize cost of shipping, without gauging the impact of this con-
straint, and 3) a struggling airline broadly offering a $50 discount
on all segments to entice customers.

At times, organizations conduct small scale pilots to measure the
impact of an intervention (e.g., discount, etc.), as the difference in
the primary business metric, after and before the pilot period. Even
in such situations, the decisions based on a limited pilot are general-
ized much beyond the scope of the pilot. For instance, results from
a pilot on one category of products are generalized across all cate-
gories. Simple approaches such as these suffer from inaccuracies
due to selection bias. Essentially, for the above decisions, a prudent
approach would be to address the what if question to arrive at the
appropriate decision. For instance, in the first example above, the
manufacturer should answer the question - what is the impact on
revenue if they provided a discount of 30% on accessories? A prin-
cipled data driven response would help determine the appropriate
quantum of discount to maximize the revenue per unit discount.

We can generalize the above scenarios within a decision frame-
work consisting of an optimization problem wherein the decision
maker aims to maximize (or minimize) a function 𝐹 (e.g., revenue,
profit) under a constraint 𝐶 (e.g., cost, capacity). The function 𝐹
depends on quantities 𝑄 (e.g., conversion, click) that need to be
estimated. Since the quantities 𝑄 cannot be estimated directly, due
to the bias in limited data collected through small scale pilots, 𝑄
have to be estimated within a counterfactual setting. In this paper,
we present a decision framework that applies counterfactual rea-
soning to determine whether a particular product should be eligible
for delivery via air-transport (referred to as air-shipping). In this
problem setup, the optimization (𝐹 ) maximizes revenue given the
air-capacity constraint (𝐶), by estimating the customer’s likelihood
of purchasing the product (𝑄), when the air-shipping option is
promised.

Speed of delivery is crucial to the success of e-commerce plat-
forms. Econometric studies have shown that faster delivery promise
results in 20% increase in units sold [14], leading to an increase
in revenue. Specifically, at the time a customer visits the product
page, based on her address, the fastest delivery option (or promise)
is shown (Figure 1). Faster delivery also reduces the chances of
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Figure 1: Delivery promise as shown on the product search
page on Amazon. The promise is calculated by back-end sys-
tem at the time of customer visit and depends on various
factors: customer’s location, air eligibility of the product,
location of the warehouse etc.

customer pain points such as product damages, pilferage, etc. How-
ever, customer’s reaction to delivery speed often depends on the
product at hand. Certain products such as smartphones, gift cards
are more speed sensitive than others, i.e., showing faster promise on
these products results in greater uplift in conversion. As a result, it
is judicious to provide faster delivery promise to speed sensitive
products.

From a supply chain and logistics perspective, there are primar-
ily two mechanisms to control speed of delivery. On one hand, we
can ensure the products are in-stock (or replicated) across multi-
ple warehouses, such that a warehouse close to the customer can
promise 1-day or 2-day (popularly called fast-track) (FT) delivery.
In the absence of fast-track promise, the standard promise defaults
to 3-5 days. However, replication is an expensive operation due to
the periodic re-stocking costs across multiple warehouses. Further-
more, in emerging marketplaces, where third-party sellers are more
common, replication is not a preferred option since sellers may have
to bear the shipping costs. On the other hand, air shipping is the
preferred choice to meet 1-day or 2-day (fast-track) promises, espe-
cially when the product is at a warehouse far from the customer’s
location.

Since replication involves setting up warehouses, for emerging
marketplaces, a significant fraction of shipments are air-shipped.
The existing policy allowed air-shipping products that were above
a certain price point. As a result, the costs fluctuated significantly as
the range of products changed, specifically during holiday seasons.
In turn, the required air capacity saw a high variance, resulting in
either over or under-utilization of the available air capacity.

We present ASPIRE (Air ShipPIng REcommendation), a causal
modeling framework to determine offline (not real-time), the air
eligibility of products based on their historical performance. Given
air capacity (in terms of tonnage), the model estimates conversion
uplifts of products and determines which products to fly subject to
replication and shipping cost constraints. ASPIRE has the following
advantages.
(1) Efficient allocation of air capacity: The existing strategy

allowed fast promise for products above a particular price. With
ASPIRE, we will be able to divert the air-capacity to products
where it matters the most.

(2) Better utilization of air capacity during high-traffic sales
or peak periods: With ASPIRE, we will be able to dynamically
refresh air-eligibility of products based on the available capacity.
This eliminates ad-hoc adjustment to the price threshold during
peak periods.

(3) Allows multiple distribution channels: Different distribu-
tion channels cater to products of varying price ranges. A single
price threshold biases air eligibility to a few channels. With
ASPIRE, we can seamlessly unify all channels within a single
framework.

We make the following contributions
(1) We consider the problem of air capacity allocation across a

large number of products. Through algorithmic selection of
air-eligibility, our goal is to efficiently manage air capacity and
drive revenue improvements. To the best of our knowledge this
is the first paper that addresses this problem systematically.

(2) We develop a causal modeling framework to estimate the im-
pact of air-eligibility on conversions. The proposed approach
addresses the impact of confounding factors such as replication,
available air capacity and demand forecasts.

(3) We conduct extensive offline and online (A/B test) experiments
to measure the performance of ASPIRE. A/B test indicates that
the ML based policy results in a 79 basis points1 improvement
in revenue as compared to the incumbent rule based policy.

2 RELATEDWORK
Counterfactual reasoning has been applied to a wide range of prob-
lems within medicine [11], engineering and e-commerce [1, 12]. We
apply counterfactual reasoning to a novel problem of identifying
products that should be eligible for air-shipping.

Within counterfactual estimation, multiple techniques have been
proposed in order to deal with bias in data. Adjustment by sub-
classification for observational studies goes back to the early work
of Cochran [3]. Subclassification divides the dataset into strata
such that the population within each stratum looks homogeneous,
conditioned on the confounders. However, this approach was lim-
ited to a single confounding variable and could not be extended to
multi-variate case.

Conditioning on multiple confounders were considered in the
seminal work of Rubin et al [15, 16]. They showed that if the treat-
ment assignment is strongly ignorable, i.e., all confounders are ob-
served and if the propensity score is correctly specified then treat-
ment assignment and the vector of covariates are independent,
conditioned on the propensity score. It implies that if we bin the
propensity score, within each bin, the treatment and control sam-
ples look homogeneous. This approach was further extended to
estimating causal effects using subclassification [17].

The propensity score, in general, needs to be estimated from
data and one can not expect to produce completely homogeneous
subclasses. Thus model based covariate adjustment along with
subclassification on the propensity score is often used in conjunc-
tion [4, 18]. Since then propensity score matching techniques have
been extended to the case of continuous treatments [7, 9], multiple
treatments [5] and various other scenarios.

11 basis point or 1 bps = 0.01%.
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Doubly Robust Regression [6, 8] techniques combine direct re-
gression and propensity score estimation with the guarantee that
the estimator is unbiased if at least either of the regression model
or the propensity model is correctly specified. In this work, we
apply the doubly robust estimator. Recent works have focused on
leveraging state-of-the-art predictive ML models for causal estima-
tion - e.g. neural networks in TARNet [19], arbitrary ML models in
DoubleML [2].

3 ASPIRE CAUSAL INFERENCE ALGORITHM
ASPIRE balances the trade-off between conversion/revenue and the
cost of air-shipping to decide whether a product should be shipped
via air. Although revenue is our target metric, the algorithm can
be easily extended to incorporate other objectives in the decision
making process e.g. reduction in customer contacts following a
purchase or maximizing downstream revenue.

3.1 Notation and Problem Setup
We denote the set of potential treatments or interventions by T .
Let X be the set of context vectors and Y be the set of potential
outcomes. In our setting, T is binary, indicating standard or fast
promise, Y is binary as well to indicate the event of conversion.
Table 1 summarizes our notations.

Table 1: Table of Notations.

𝑚 number of products
𝑛 dataset size, i.e., number of product page views
𝑎1· · ·𝑚 products under consideration

𝑥1· · ·𝑛
context feature vectors (confounders) correspond-
ing to product page views

𝑦1· · ·𝑛 conversion outcome (binary)

𝑡1· · ·𝑛
treatment applied (standard/fast promise) on each
product page view

𝑟1· · ·𝑚 air recommendation for each product
𝑤1· · ·𝑚 product weights
𝑝1· · ·𝑚 product prices
𝑑1· · ·𝑚 demand forecast of products
𝐵 available air-capacity (tonnage)
𝑐𝑡𝑎 conversion rate of product 𝑎 under treatment 𝑡
Δ𝑎 average treatment effect (ATE) for product 𝑎

For a context 𝑥 (represented by features corresponding to the
product, customer, merchant, etc.) and each possible treatment
𝑡 ∈ T , let 𝑦𝑡 (𝑥) ∈ Y be the potential outcome for the context. The
fundamental problem of causal inference is that only one of the
potential outcomes is factual, i.e., observed. In our problem setting,
this corresponds to the promise that was shown to the customer at
the time of visit to the product page and the observed conversion
outcome. Even if we show the customer a different promise at a
later point of time, the system is not in the same state or context.
Therefore, the counterfactual outcomes are generally unknown.

For the binary treatment set, the quantity 𝑦1 (𝑥) − 𝑦0 (𝑥) is often
of primary interest. This is known as Individual Treatment Effect
or ITE for a given context 𝑥 . However, as we have access to only
the factual outcome, ITE is generally unknown. Another quantity

that is of interest is the Average Treatment Effect or ATE which is
defined as E𝑥∼𝑝 (𝑥) [𝑦1 (𝑥) − 𝑦0 (𝑥)].

A naive approach for estimating ITE is by direct regressionwhere
we train a model 𝑓 : X × T → Y on the factual observations
(𝑥𝑖 , 𝑡𝑖 , 𝑦𝑖 )𝑛𝑖=1. The model can be used to estimate the ITE as

𝐼𝑇𝐸 (𝑥𝑖 ) =
{
𝑦𝑖 − 𝑓 (𝑥𝑖 , 1 − 𝑡𝑖 ), 𝑡𝑖 = 1
𝑓 (𝑥𝑖 , 1 − 𝑡𝑖 ) − 𝑦𝑖 , 𝑡𝑖 = 0

(1)

It is important to note how the task of causal inference is dif-
ferent from standard supervised learning task. Let’s assume that
factual data follows distribution P𝐹 and counterfactual data is sam-
pled from P𝐶𝐹 . For a supervised learning task, both the training
and test data points are sampled from P𝐹 . On the other hand, for
causal inference tasks, the training or observation data is sampled
from P𝐹 whereas, the test data points are from P𝐶𝐹 . In general, the
distributions P𝐹 and P𝐶𝐹 can be quite different and therefore su-
pervised learning algorithms (including direct regression approach)
can’t be used for causal impact estimation.

In our first attempt, we trained a LightGBM [10] based classifier
to predict conversion. However, it was observed that the treatment
variable was not present in the list of top-95% significant features
which led to gross underestimation of ITE and ATE estimates. This
behavior can be attributed to the presence of confounder variables
in the feature set. These are the features (e.g., product price, postal
code, merchant rating, customer Primemembership status, etc.) that
control both the treatment assignment and the outcome. To estimate
ITE or ATE, we need to condition on the known confounders, which
we achieve through propensity score matching.

3.2 Propensity Score Matching
Propensity score is the probability of treatment assignment condi-
tioned on observed confounders i.e. 𝑝 (𝑡 | 𝑥). Rubin et al. [15, 16]
defined treatment assignment to be strongly ignorable if the follow-
ing conditions hold,

(𝑦0, 𝑦1) ⊥⊥ 𝑡 | 𝑥
0 < 𝑝 (𝑡 | 𝑥) < 1

The first condition states that treatment assignment is indepen-
dent of the potential outcomes given the set of covariates (and no
unobserved confounders). The second condition states that every
sample has a non-zero probability to be assigned the treatment. If
treatment assignment is strongly ignorable then conditioning on
propensity score allows one to obtain unbiased estimates of ITE
and ATE.

There are various propensity score matching techniques to re-
move the effect of confounding. For our work, we use the subclassi-
fication approach which involves stratifying samples into mutually
exclusive subsets based on their estimated propensity scores. Quan-
tiles of the propensity score are used to define bin-boundaries for
subclassification. If the propensity score is correctly specified, the
distribution of covariates for the treatment groups will be very
similar within each stratum.

Let 𝑦0,𝑘 and 𝑦1,𝑘 be the sample average of the control and treat-
ment outcomes for stratum 𝑘 . Then the ATE estimated over 𝐾 bins
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Figure 2: Causal relationship involving air recommendation
(r), promise shown on product page (t) and conversion (y).
Apart from air recommendation, the promise depends on
various latent factors (z), e.g., air capacity remaining at the
time of customer visit to the product page, location of nearest
warehouse etc.

can be written as,

1
𝐾

𝐾∑︁
𝑘=1

(
𝑦1,𝑘 − 𝑦0,𝑘

)
(2)

3.3 Doubly Robust Estimation
Doubly robust estimator [6, 8] combines direct regression and
propensity score matching techniques to create an unbiased es-
timator for ITE and ATE. Let 𝑓0, 𝑓1 : X → Y be outcome prediction
models for the treatment groups 𝑡 = 0 and 𝑡 = 1, respectively. The
doubly robust estimator of ITE given context 𝑥 is defined as

DR(𝑥,𝑦, 𝑡) =
(
𝑡 · 𝑦

𝑝 (𝑡 | 𝑥) −
(
𝑡 − 𝑝 (𝑡 | 𝑥)
𝑝 (𝑡 | 𝑥)

)
𝑓1 (𝑦 | 𝑥)

)
−
(

(1 − 𝑡)𝑦
1 − 𝑝 (𝑡 | 𝑥) +

(
𝑡 − 𝑝 (𝑡 | 𝑥)
1 − 𝑝 (𝑡 | 𝑥)

)
· 𝑓0 (𝑦 | 𝑥)

)
(3)

In our work, we train the classification model for each bin defined
on the propensity score, e.g., if there 𝐾 bins, we train a classifier
for each bin and treatment (i.e., all-together there are 2𝐾 models).

3.4 Estimating Causal Impact of Air Eligibility
on Conversion

Through Equation 3, we are able to estimate the causal impact of
fast promise on conversion. However, our objective is to estimate
the impact on conversion conditioned on air recommendation i.e.
to determine Pr(𝑦 = 1 | 𝑟 = 1, 𝑥) − Pr(𝑦 = 1 | 𝑟 = 0, 𝑥) (refer
to Figure 2). Note that these two estimands are different due to
presence of latent factors e.g. location of nearest warehouse (factor
𝑧 in Figure 2).

We make the assumption that 𝑝 (𝑡 = 1 | 𝑟 = 1) = 1 since air
recommendation allows us to show fast track promises for all the
customer visits irrespective of the delivery zip code. Assuming that
the joint distribution of the variables𝑦, 𝑟 and 𝑡 follows the graphical
model in Figure 2, we derive an expression for the lift in conversion

Algorithm1:Algorithm for Air Shipping Recommendation
of Products
Input: Context features 𝑥1· · ·𝑛 ∈ R𝑘 ; treatment

𝑡1· · ·𝑛 ∈ {fly, no-fly}; outcome
𝑦1· · ·𝑛 ∈ {conversion, no-conversion}; air-capacity 𝐵;
product weight𝑤1· · ·𝑚 ; price 𝑝1· · ·𝑚 ; demand
forecasts 𝑑1· · ·𝑚 .

Output: Air shipping recommendation of products.
1 Train propensity model 𝑔(𝑥) = 𝑝 (𝑡 | 𝑥) using data-set

{(𝑥𝑖 , 𝑡𝑖 )𝑛𝑖=1}
2 Perform quantile binning of propensity score into 𝐾 bins.
3 Train conversion model 𝑓𝑏 (𝑥, 𝑡) = 𝑝 (𝑦 | 𝑥, 𝑡, 𝑏) for each bin

b=1, 2 · · ·𝐾 using data-set {(𝑥𝑖 , 𝑡𝑖 , 𝑦𝑖 ) | 𝑔(𝑥𝑖 ) ∈ Bin b}
4 Calculate Doubly-robust estimate of conversion ATE Δ1· · ·𝑚

and conversion rates 𝑐𝑡1· · ·𝑚 using Equation 6

5 Reverse sort products based on benefit scores
(
𝑝𝑖 ·Δ𝑖

𝑤𝑖 ·𝑐fly𝑖

)
1· · ·𝑚

6 FLY B ∅, 𝑘 B 1, 𝐵𝑟𝑒𝑠 B 𝐵.

7 while
(
𝐵𝑟𝑒𝑠 − 𝑑𝑘 ·𝑤𝑘 · 𝑐fly

𝑘

)
≥ 0 do

8 FLY B FLY ∪ {product𝑘 }
9 𝐵𝑟𝑒𝑠 B 𝐵𝑟𝑒𝑠 − 𝑑𝑘 ·𝑤𝑘 · 𝑐fly

𝑘

10 𝑘 B 𝑘 + 1
11 end
12 Return FLY as air shipping recommendations.

due to air eligibility in terms of conversion lift due to fast promise:

𝑝 (𝑦 = 1 | 𝑟 = 1, 𝑥) − 𝑝 (𝑦 = 1 | 𝑟 = 0, 𝑥)
= 𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) · 𝑝 (𝑡 = 1 | 𝑟 = 1)
− 𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) · 𝑝 (𝑡 = 1 | 𝑟 = 0)
− 𝑝 (𝑦 = 1 | 𝑡 = 0, 𝑥) · 𝑝 (𝑡 = 0 | 𝑟 = 0)
= 𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) · (𝑝 (𝑡 = 1 | 𝑟 = 1)
− 𝑝 (𝑡 = 1 | 𝑟 = 0))
− 𝑝 (𝑦 = 1 | 𝑡 = 0, 𝑥) · (1 − 𝑝 (𝑡 = 1 | 𝑟 = 0))
= 𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) · (𝑝 (𝑡 = 1 | 𝑟 = 1) − 𝑝 (𝑡 = 1 | 𝑟 = 0))
− 𝑝 (𝑦 = 1 | 𝑡 = 0, 𝑥) · (𝑝 (𝑡 = 1 | 𝑟 = 1) − 𝑝 (𝑡 = 1 | 𝑟 = 0))
= (𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) − 𝑝 (𝑦 = 1 | 𝑡 = 0, 𝑥))
· (𝑝 (𝑡 = 1 | 𝑟 = 1) − 𝑝 (𝑡 = 1 | 𝑟 = 0))
= DR(𝑥,𝑦, 𝑡) · (𝑝 (𝑡 = 1 | 𝑟 = 1) − 𝑝 (𝑡 = 1 | 𝑟 = 0))

(4)

We observe that the lift in conversion due to air recommen-
dation has an intuitively pleasing factorization into two compo-
nents: DR(𝑥,𝑦, 𝑡) which represents the lift in conversion due to
fast promise and 𝑝 (𝑡 = 1 | 𝑟 = 1)−𝑝 (𝑡 = 1 | 𝑟 = 0) which represents
the lift in fast promises shown due to air recommendation. This also
leads to the understanding that products which are well replicated
will not see a huge change in conversion due to air recommendation
as they would have minimum impact on the uplift of fast promises.

The factor 𝑝 (𝑦 = 1 | 𝑡 = 1, 𝑥) − 𝑝 (𝑦 = 1 | 𝑡 = 0, 𝑥) is estimated
via Equation 3. The only unknown quantity is 𝑝 (𝑡 | 𝑟 ). There are
two counterfactual cases to consider: 1) moving a new product into
the air recommended list, 2) purging an existing air eligible product.
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(a) Counts of treatment and control page views
across propensity bins.

(b) Naive estimates of conversion rate within each
bin.

Figure 3: Propensity model is used to estimate the likelihood of offering a fast promise at the time of product page view. Plots
show behavior of standard (control) and fast promise (treatment) page views across propensity bins. The y-axis is scaled for
confidentiality reasons.

For case 2, we can estimate the fraction of demand that offered
fast promise through ground transport. This is the demand that
would remain unaffected by the change. For case 1, assuming the
product demand remains unchanged due to air recommendation,
we approximate 𝑝 (𝑡 | 𝑟, product = 𝑎) as,∑︁

𝑘

𝑝 (𝑡 | 𝑝𝑖𝑛𝑐𝑜𝑑𝑒 = 𝑘) · 𝑝 (𝑝𝑖𝑛𝑐𝑜𝑑𝑒 = 𝑘 | 𝑟, product = 𝑎) (5)

To measure the impact of air eligibility at product level, we group
together page views across bins and calculate the average impact.
Specifically, if 𝐺𝑎 denote the set of views for product 𝑎, then the
speed sensitivity is defined as the uplift in conversion due to air
recommendation and is calculated as

Δ𝑎 =
1

|𝐺𝑎 |
∑︁

(𝑥,𝑦) ∈𝐺𝑎

(𝑝 (𝑦 = 1 | 𝑟 = 1, 𝑥) − 𝑝 (𝑦 = 1 | 𝑟 = 0, 𝑥)) (6)

3.5 Air Capacity Allocation
Air recommendation of products allows us to show faster promise
to customers and results in increased revenue. However, it also
increases the delivery cost. Let 𝑝𝑎 be the price of the product and
𝑤𝑎 be its weight and 𝑐𝑎𝑖𝑟 is the cost of air shipping per unit weight.
Given fixed air capacity (in terms of tonnage), we are interested
in maximizing the total revenue earned through air recommended
products.

Let _𝑎 ∈ {0, 1} denotes air recommendation for product 𝑎. The
expected revenue (for product 𝑎) can be written as

E(𝑦 | 𝑎) = _𝑎 · 𝑝𝑎 · 𝑝 (𝑦 = 1 | 𝑟 = 1, 𝑥)
+ (1 − _𝑎) · 𝑝𝑎 · 𝑝 (𝑦 = 1 | 𝑟 = 0, 𝑥) (7)

where the expectation is taken over all customer visits on the prod-
uct page. Note that _𝑎 is the only unknown and other quantities are
either known or estimated from data. Using Equation 6, the expres-
sion can be rewritten asE(𝑦 | 𝑎) = _𝑎 ·𝑝𝑎 ·Δ𝑎+𝑝𝑎 ·𝑝 (𝑦 = 1 | 𝑟 = 0, 𝑥)
where the second term doesn’t depend on _𝑎 and can be discarded
from the optimization problem we describe next.

The expected air shipping weight for product 𝑎 can be written
as E(𝐶 | 𝑎) = _𝑎 ·𝑤𝑎 · 𝑝 (𝑦 = 1 | 𝑟 = 1, 𝑥). Given total air capacity

𝐵, air recommendation can be defined in terms of the following
optimization problem

max
_1···𝑚

∑︁
𝑎

E(𝑦 | 𝑎)

s.t.
∑︁
𝑎

E(𝐶 | 𝑎) ≤ 𝐵 (8)

This is an instance of the well known 0-1 Knapsack 2 problem.
We use a simple greedy algorithm that allows us to scale to mil-
lions of products. Algorithm 1 outlines the high level steps of our
recommendation algorithm.

4 EXPERIMENTS
We conduct multiple offline and online experiments to evaluate
the performance of ASPIRE. For offline evaluation, we study per-
formance of the propensity and conversion models in predicting
factual and counterfactual outcomes and obtain offline estimates of
expected impact in comparison to baseline policies.

In the online setup, we run an A/B test in an emerging market-
place on Amazon and compare ASPIRE with the incumbent policy
for air shipping products. A/B test indicates that ASPIRE results
in +79 basis points improvement in revenue. We also present how
our policy changes the delivery promises shown across product
page views, thereby positively impacting conversion rates, purchase
patterns and other business metrics.

4.1 Propensity and Conversion Models
To estimate the conversion uplift due to fast track promises (refer
to Equation 6), we build a propensity model for product page views.
The model estimates the likelihood of observing a fast track promise
conditioned on confounder variables. We use more than 40MM page
views from an emerging marketplace over a period of three months
in 2019 and train a LightGBM [10] model. Quantile binning is used
on the propensity scores (10 bins are used) and for each bin we
train a LightGBM model to estimate conversion. Figure 3a shows
the quantile based binning on propensity scores. We observe that,
2https://en.wikipedia.org/wiki/Knapsack_problem
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(a) Low price and city being low tier leads to lower prediction for a
fast track promise (𝑃𝑟 (𝑇 = 1) = 0.13)

(b) High price and Prime customer status increases the chance of
fast track promise, while a low city tier decreases the chance of fast
track promise leading to mid range probability of fast track promise
(𝑃𝑟 (𝑇 = 1) = 0.47)

(c) High price and a city being a top tier one increases the chance of
fast track promise (𝑃𝑟 (𝑇 = 1) = 0.91)

Figure 4: Local explanations using SHAP values for samples
from different propensity bins: (a) Low propensity bin, (b)
Mid propensity bin, (c) High propensity bin.

within each bin there is decent overlap between populations of
page views with fast-track promise and with standard promise
which results in the conversion models being more robust towards
selection bias.

The propensity model achieves an ROC-AUC of 0.86 on out-of-
time test set and is observed to be stable in terms of performance
across different time periods. Some important features for propen-
sity modeling are city tier, Prime membership status of customer,
price and category of the product, etc. Other than treatment alloca-
tion, these features also control the event of conversion; as a result,
they form the confounding variable set as shown in Figure 2.

Aside from observing feature importances through importance
gain, which provides us with a global interpretation of the propen-
sity model, we also run analysis on individual predictions using the
SHAP [13] values. SHAP allows us to visualize feature attributions
as "forces", where each feature value is a force that either tries to
increase or decrease the prediction and these forces balance each
other out to arrive at the actual prediction for the instance. In Fig-
ure 4, the higher score for the model output corresponds to a lower
probability of getting fast track promise. We see that in Figure 4b,
the product price of 799 and Prime customer status increases the
chance of a fast track promise whereas the city not being a top tier
city decreases the chance of getting a fast track promise.

The within-bin conversion models achieve ROC-AUC of 0.79 on
an average as measured on out-of-time test sets. Some important
features for conversion modeling are Prime status of customer, prod-
uct price and category, etc. All models (including the propensity

Figure 5: Kernel Density Estimate (KDE) of the joint distri-
bution of page view counts and uplift in revenue.

Figure 6: Distribution of product weights across view counts.

model) are calibrated on an out-of-sample validation dataset. The
propensity and conversion models are used to calculate benefit
scores and rank products as outlined in Algorithm 1 (step 5). It
is observed that products such as physical gift cards and travel
cards consistently have the highest benefit scores. This is intu-
itively appealing as these products have high price, high sensitivity
to delivery speed and they are of extremely low weight.

We also obtained the ITE estimates using recent techniques such
as DoubleML [2] and TARNET [19]. We did not observe significant
improvement as compared to the above approach.

4.2 Offline Comparison with Baseline Policies
In this section, we compare ASPIRE with other baseline policies
for air shipping recommendation. The policies we considered rank
products based on their historical a) page view count (proxy for
popularity), b) units sold (proxy for high demand), and c) revenue.
These baseline policies are simple, intuitive and widely used in
e-commerce decision making. Our methodology is the following:
we rank products as per the given policy and greedily allocate
air capacity to each product till the overall capacity is exhausted.
Since incremental revenue and weight are the deciding factors in
recommendation, we present detailed offline analysis on how the
page view count based policy performs on both these aspects. The
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(a) Revenue prior to the experiment period. (b) Revenue during the experiment period. (c) Units sold during the experiment period.

Figure 7: Metrics on the control and treatment cohorts during pre-experiment and experiment period. The cohorts are balanced
on price, view count, units and revenue prior to the A/B test (only the revenue stats are shown).

analysis for the other policies are similar and not repeated here. For

Table 2: Offline revenue lift estimates for ASPIRE over base-
line policies.

Baseline policy Offline lift estimated
for ASPIRE

Historical page view count +14 bps
Historical units sold +22 bps
Historical revenue +18 bps

the view count policy, we rank products based on their historical
view count over a month. The expected air capacity is estimated
using the counterfactual conversion models. Note that the factual
and counterfactual conversion estimates are independent of choice
of the policy and are fixed throughout our evaluation. Table 2
summarizes the estimated revenue impact of different policies. To
analyze the performance of the baseline policy, Figure 5 plots the
Kernel Density Estimate (KDE) of joint distribution of revenue
uplift and page view count. Note that the set of products which lie
in the top left quadrant are better candidates for air shipping than
the products lying in the bottom right quadrant. However, the page
view count based baseline would select the later ones resulting in
sub-optimal recommendations. Figure 6 shows the distribution of
weights across bins of product view counts (4 quantile bins are
used). The baseline policy selects all products from the highest
bin and doesn’t even consider the potentially much lower weight
products present in the other bins, thereby choosing a sub-optimal
set of product in terms of weight.

4.3 Online Experiment
We design an A/B test using live traffic to compare the performance
of ASPIRE with a baseline rule based policy. The baseline policy
allows a product to fly if its price exceeds certain threshold. For
this experiment, the products are divided into two homogeneous
cohorts (control and treatment) such that their distribution of price,
page-view count, revenue and units sold on a weekly basis are
matched over a historical period of few months.

On the treatment cohort of products, we use ASPIRE for air
recommendation whereas the baseline policy is applied on the
control cohort. To ensure the treatment and control cohorts are
indeed balanced during the pre-experiment period, we performed a

Figure 8: High-level system architecture of ASPIRE.

statistical test for the equality of mean revenue generated by the
two populations. Stated more formally, let the (unknown) mean
revenue of the control and treatment populations are represented
by `𝐶 and `𝑇 respectively. We test for,

𝐻0 : `𝐶 = `𝑇

𝐻1 : `𝐶 ≠ `𝑇
(9)

We run Wald’s test 3 to check equality of means. The null hypothe-
sis is accepted with a p-value of 0.88 which implies the population
means are equal during the pre-experiment period. Figure 7a shows
the weekly trend of revenue for control and treatment products
during the pre-experiment period. The plots for other metrics are
similar and not repeated here.

The A/B test was run for an entire month in 2019. Figure 7b and
Figure 7c show the weekly trends on revenue and units observed
during the experiment period. Experimental evidence suggests that
ASPIRE achieved statistically significant (𝑝 < 0.03) +79 bps improve-
ment in revenue. Table 3 highlights the lift observed on several key
business metrics.

Interestingly, we observe a lift in page view count by +242 bps.
This was counter-intuitive as faster delivery promise was expected
to drive more conversion and not have any direct impact on page
views. However, this happened because product search prioritizes
search results that can be delivered faster to the customer alongwith
3https://en.wikipedia.org/wiki/Wald_test
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(a) Conversion rates for fast-track and standard promise post
ASPIRE.

(b) Weight per shipment and number of fast-track shipments.

Figure 9: Effect of ASPIRE on Treatment set during A/B experiment on (a) subclassification plot and (b) weight per shipment
and number of fast-track shipments

.

Table 3: Impact of ASPIRE on key business metrics.

Metric Lift
Revenue +79 bps
Conversion Rate +182 bps
Page View Count +242 bps
1-day Tier1 city fast track promise +82 bps
2-day Tier1 city fast track promise +264 bps
Weight per shipment -297 bps

other relevance signals. Therefore, products with better promise are
discovered more easily by customers leading to significant increase
in page views.

4.4 Implementation of A/B Experiment
Figure 8 shows the high-level architecture diagram of the system
used to implement ASPIRE for the A/B experiment. The customer,
seller, product and view level attributes are pulled from backend
data sources (s3/Redshift cluster) to generate features using Apache
Spark [20] and scored through the ML models on a cloud instance.
The air-recommendation from ASPIRE is consumed by the Promise
system to surface delivery promises to customers. The promise
information and conversion data is fed back to the database for
feature generation and model retraining.

In Figure 9, we highlight the impact on the Treatment set due to
ASPIRE during the A/B experiment. For example, in Figure 9a shows
the observed change in the subclassification plot as compared to
pattern observed in prior time period (Figure 3b). It shows that
we are able to provide fast track promise for products which have
higher lift in conversion due to fast track promise. Figure 9b shows
the sharp decline (increase) in weight per shipment (fast track
promises resp.) due to ASPIRE on the Treatment set.

5 CONCLUSION AND FUTUREWORK
In this work, we presented a causal estimation framework (referred
to as ASPIRE) to give air shipping recommendation to products. We
presented a comprehensive set of offline and online (A/B test) exper-
iments to measure the performance of ASPIRE. The A/B test results
indicate that the ML based policy leads to significant incremental
revenue as compared to the incumbent rule based policy.

There are several ways we can extend the functionality ofASPIRE.
First of all, we can optimize product selection based on downstream
effects, e.g., future potential revenue, profits, etc. Since the capacity
constraint is global, it is often the case that some air lane capacities
are over or under-utilized. This can be avoided by suitably adjusting
the optimization criteria in Section 3.5. Finally, we can improve
ASPIRE’s performance by extending it to an online decision making
policy to selectively upgrade the shipping speed at a product page
view level. We consider these extensions as future work.
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