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ABSTRACT
Making ideal decisions as a product leader in a web-facing company
is incredibly challenging. Beyond navigating the ambiguity of cus-
tomer satisfaction and achieving business goals, leaders must also
ensure their products and services remain relevant, desirable, and
profitable. Data and experimentation are crucial for testing product
hypotheses and informing decisions. Online controlled experiments,
such as A/B testing, can provide highly reliable data to support
decisions. However, these experiments can be time-consuming and
costly, particularly when assessing impacts on key business metrics
like retention or long-term value.

Offline experimentation allows for rapid iteration and testing
but often lacks the same level of confidence and clarity regarding
business metrics impact. To address this, we introduce a novel,
lightweight, and flexible approach called scenario analysis. This
method aims to support product leaders’ decisions by using user
data and estimates of business metrics. While it cannot fully re-
place online experiments, it offers valuable insights into trade-offs
involved in growth or consumption shifts, estimates trends in long-
term outcomes like retention, and can generate hypotheses about
relationships between metrics at scale.

We implemented scenario analysis in a tool named ForTune. We
conducted experiments with this tool using a publicly available
dataset and reported the results of experiments carried out by Spo-
tify, a large audio streaming service, using ForTune in production.
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In both cases, the tool reasonably predicted the outcomes of con-
trolled experiments, provided that features were carefully chosen.
We demonstrate how this method was used to make strategic deci-
sions regarding the impact of prioritizing one type of content over
another at Spotify.
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1 INTRODUCTION
Product leaders in web-facing companies continually face chal-
lenging decisions. Their decisions impact customer satisfaction in
unpredictable ways. Besides navigating the ambiguity of customer
satisfaction and achieving business goals, leaders must also ensure
that products and services to remain relevant, desirable, and prof-
itable. However, it is not always clear how a decision today will
contribute future success.

To make well-informed informed decisions, companies often
conduct numerous online experiments, with some running over
200 concurrent experiments [14]. However, running large number
of experiments introduces significant complications.
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From an infrastructural perspective, exposing users to multi-
ple experiments simultaneously complicates evaluation, as noise
and interaction effects can bias results. Additionally, controlled
experiments can test only a limited number of hypotheses, requir-
ing teams to choose configurations wisely. Furthermore, not all
hypotheses can be tested online due to technical constraints or
pre-allocated traffic to other experiments.

From an outcomes and analysis perspective, online experiments
might not provide a holistic picture of how a new product or ser-
vice affects users. Long-term outcomes such as user satisfaction,
retention and financial metrics such as revenue and gross profits
are difficult to measure in real-time, especially within the confines
of a short experiment.

Given these challenges, an offline method that tests hypotheses
and overcomes some limitations of online experimentation would
be valuable. Specifically, a method that allows testing many config-
urations and projects the impact on long-term key metrics.

The methodology behind ForTune, the tool we introduce in this
paper, is designed to gain insight intowhat the results of a controlled
experiment might look like before deploying one. To that aim, we
rely on a “scenario” that describes, in general terms, how we think
some key businessmetrics will be affected by the treatment. It can be
understood as a kind of sensitivity analysis of the business metrics
with respect to a set of control variables, but without the need of
an explicit model. It is not meant to replace controlled experiments,
but rather to help prioritize between several experiment candidates.
It can also be used to make an educated guess when it is not possible
to set up a controlled experiment.

Few flexible and lightweight methods are available to carry out
such predictions. Developing a predictive model is one possibility,
but it requires deep system knowledge and is typically complex and
expensive in terms of computation and human effort. In contrast,
the method we present is simple, flexible, and easy to implement.

For example, imagine we expect a 1% increase in podcast con-
sumption in a online audio app, such as Spotify, following an al-
gorithmic or interface modification. Should we release this new
version? Does an increase in podcast consumption lead to increased
profit?What would be the impact on user retention?Would there be
a substitution effect, leading to decreased music consumption? The
only definitive way to answer these questions is to run a controlled
experiment, which is time consuming and expensive, especially
when evaluating long term metrics.

Our proposed method predicts the impact of such a controlled ex-
periment before deploying changes and without needing to develop
and train a predictive model. The core idea is to collect past con-
sumption data and re-weight observations to match the expected
changes. For instance, returning to our example, we would expect
more users characterized by a high podcast consumption after de-
ploying the app change. If those users exhibit a higher retention
rate, the test branch of the experiment would also show a higher
retention rate.

We successfully verified this idea on a publicly available dataset,
a large controlled experiment from an advertising company, Criteo,
that provides online display advertisements. We also verified the
predictions using several controlled experiments with proprietary
data from Spotify. ForTune is both expressive and flexible, leading

to its adoption at various levels within Spotify to inform strategic
decision-making.

Section 2 presents the method. In Section 2.1 we use an example
to illustrate it. We then extend themethod tomore general scenarios
in Section 2.2 and summarize it in Section 2.3. We discuss caveat and
limitations in Section 2.4 and we review related works in Section 3.
Finally, we present experiments in Section 4: those conducted on
the Criteo dataset in Section 4.1, and on Spotify proprietary data in
Section 4.2.

2 THE FORTUNE ALGORITHM
We describe our proposed approach, ForTune. We begin with a
simple example to build intuition and then generalize the solution
to address more complex problems.

2.1 The Intuition behind the Algorithm
Suppose you own a shoe store and launch a campaign to double
the number of male customers. How will this impact the average
sale price? A simple estimate can be obtained by re-weighting past
male customers twice as much as female customers (or resampling
accordingly) and then computing the weighted average of sale
prices. An example is provided in Table 1.

gender age shoe size marital status price weight
F 97 34 married 180 1
F 85 53 single 150 1
M 80 47 single 390 2
M 45 49 married 180 2
M 54 50 single 300 2
M 79 54 single 340 2
F 69 39 married 250 1

Table 1: Hypothetical shoe store. Before the campaign, the
average shoe sale is the average of the price column, i.e. $256.
After the campaign we expect twice as many male customers
as before. We do not actually know the exact characteristics
of these new customers, so a safe bet is to assume that they
will be similar to the current male customers. Therefore, we
replicate all male rows in the table. The estimated average
sale price after the campaign is estimated as the average of
the price column weighted by the weight column, i.e. $273.

This estimated average sale price will be accurate as long as the
original male customers are representative of the new customers.
However, if the campaign specifically targets males under 50 years
old, and only one current customer fits this demographic, our pre-
diction will rely exclusively on him, making it unreliable. Generally,
we need enough samples to ensure our estimator controls the vari-
ance.

If we have more information about the new customers beyond
gender, we can refine our predictions. For instance, if we target
single male customers, a quick look at Table 1 reveals that they
spend more, suggesting the average sale price should be higher
after the campaign. A similar conclusion applies if we target older
male customers, such as those around 65 years of age.

https://open.spotify.com/
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https://open.spotify.com/
https://www.criteo.com/
https://open.spotify.com/


ForTune: Running Offline Scenarios to Estimate Impact on Business Metrics KDD ’25, August 3–7, 2025, Toronto, ON, Canada

In the next section, we formalize these ideas and propose a
method to derive a set of weights that incorporate assumptions
about the campaign’s impact, while making minimal assumptions
about customer characteristics.

2.2 Building More Complex Scenarios
In the previous section, we discussed a simple case where the only
constraint on the population was the gender mix. Often, constraints
apply to a continuous variable (like age) instead of a binary one.
Additionally, there may be scenarios where multiple variables need
to be constrained.

Let 𝑋 be a 𝑁 ×𝐷 feature matrix, and 𝑦 an 𝑁 dimensional vector
representing the metric of interest. In Table 1, the features include
gender, age, shoe size and marital status. The vector 𝑦 represents
the business metric we want to predict, which in this case is the
price. The dimensions are 𝑁 = 7 and 𝐷 = 4.

The objective is to identify a 𝑁 dimensional vector 𝜔 of weights
that incorporate the expected change. In the shoe store example,
this means doubling the proportion of male customers, i.e. denoting
by 𝑋𝑛 the 𝑛𝑡ℎ observation in 𝑋 and 1𝑀 (𝑋𝑛) the indicator function
for males:

1
𝑁

𝑁∑︁
𝑛=1

𝜔𝑛1𝑀 (𝑋𝑛) =
2
𝑁

𝑁∑︁
𝑛=1

1𝑀 (𝑋𝑛) (1)

This constraint requires that the weights 𝝎 adjust the propor-
tion of males in 𝑋 to be twice the original proportion, i.e twice
1
𝑁

∑𝑁
𝑛=1 1𝑀 (𝑋𝑛). The solution to this constraint is not unique;

many different vectors 𝝎 can satisfy it.
If the campaign also targets older males, an additional constraint

must be enforced. For example, to ensure that the average age of
male customers after the campaign is 65 years old, the following
constraint would be added:

1
𝑁

𝑁∑︁
𝑛=1

𝜔𝑛1𝑀 (𝑋𝑛)𝑋𝑛,age = 65 (2)

Similarly, we could opt for a more relaxed constraint by only
requiring that the average male age be greater than 65 years old:

1
𝑁

𝑁∑︁
𝑛=1

𝜔𝑛1𝑀 (𝑋𝑛)𝑋𝑛,age ≥ 65 (3)

There are still many vectors of weights that satisfy the con-
straints in Equation (1) and Equation (2) or (3). Solutions that give
large weights to a small number of observations are undesirable
because they would rely excessively on a subset of the data, leading
to high variance. Instead, it is reasonable to look for a solution
that distributes importance more evenly across all observations,
while remaining compatible with the constraints. This approach
suggests maximizing the entropy of the weights while satisfying
the constraints. The optimization problem can be formulated as
follows:

arg max
𝝎

H(𝝎) (4a)

subject to
1
𝑁

𝑁∑︁
𝑛=1

𝜔𝑛1𝑀 (𝑋𝑛) =
2
𝑁

𝑁∑︁
𝑛=1

1𝑀 (𝑋𝑛), (4b)

1
𝑁

𝑁∑︁
𝑛=1

𝜔𝑛1𝑀 (𝑋𝑛)𝑋𝑛,age = 65, (4c)

𝜔𝑛 ≥ 0𝑛 ∈ {1 . . . 𝑁 }, (4d)
𝑁∑︁
𝑛

𝜔𝑛 = 1𝑛 ∈ {1 . . . 𝑁 } (4e)

We added two natural constraints: the weights must be positive,
and they must sum to one, as shown in in Equations (4d) and (4e).

If no constraints are imposed beyond these natural ones, the solu-
tion to this problem is to assign equal weights to each observation,
i.e. 𝜔 = 1

𝑁
. This aligns with the fact that, prior to the campaign,

the target metrics are estimated as the sample average.

2.3 The Algorithm
We now formalize the algorithm we built an intuition for in the
previous two sections.

The ForTune Algorithm involves solving the following convex
optimization problem:1

arg max
𝝎

H(𝝎)

subject to 𝑔𝑖 (𝑥) ≤ 0 𝑖 = 1, . . . ,𝑚,

ℎ 𝑗 (𝑥) = 0 𝑗 = 1, . . . , 𝑝,
𝜔𝑛 ≥ 0 𝑛 ∈ {1 . . . 𝑁 },

𝑁∑︁
𝑛

𝜔𝑛 = 1 𝑛 ∈ {1 . . . 𝑁 }

(5)

Here, the ℎ𝑖 are 𝑝 ≥ 0 affine functions and 𝑔 𝑗 ≤ 0 are 𝑚 ≥ 0
convex inequalities. The last two constraints are the natural con-
straints. The functions 𝑔𝑖 and ℎ 𝑗 define the scenario associated with
the problem. The problem of finding the right set of weights can
be solved using an appropriate convex solver, and the solution is
unique.

Once the weights 𝝎 are known, the metric of interest 𝑡 is esti-
mated as

𝑡 =
∑𝑁
𝑛 𝜔𝑛𝑡𝑛 (6)

This algorithm provides a point estimate of the prediction under
the scenario hypotheses. To obtain a distribution of point estimates
and measure of uncertainty, the dataset can be divided into 𝐵 dis-
tinct random subsets, and the point estimate can be independently
calculated for each of subset. Another approach is bootstrapping [6],
where the dataset is repeatedly sampled with replacement to cre-
ate 𝐵 subsets. The experiments in Section 4 will highlight the need
to estimate uncertainty.
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Figure 1: Box plots of the Resampling Weights for the Criteo
dataset. The weights have been multiplied by the number of
observations so a weight of 1means that the observations has
the same importance in the control and treatment branches.
A weight of 5 means that the corresponding observations is
five times more influential in the test branch than before
resampling. We set the constraints on features f1, f4, f7 and
f10 to be same multiples of the corresponding averages. The
multiples are reported on the y axis. The further from the
original means (for which the multiple is 1.0), the larger the
weights’ spread.
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2.4 Limitations
Not all constraints are feasible or lead to realistic outcomes. It is
important to remember that predictions are obtained by giving
more importance to users who help satisfying the constraints. If no
user can help, then the constraint is unrealizable. Returning to the
example above, if the constraint required that the average male age
be 100 years old instead of 65 (see Equation (2)), no combination
of weights would satisfy the convex problem. Less obvious sets of
constraints might also be unrealizable, but in practice they are easy
to detect because the quadratic solver will fail to return a solution.

A more subtle case arises when conditions are realizable, but the
solution assigns large weights to a limited number of observations,
potentially leading to a high variability. In the previous example,
this would occur if only a few users were aged 65 or older. In such
cases, the solver will give large weights to these few observations,
resulting in an estimate based on a small number of data points. This
problem can be diagnosed by examining the weights distribution
to identify extreme values. Figure 1 show the effect of applying
constraints set to 104, 108 and 112% of the original feature averages.
More details are provided in Section 4 where we discuss the Criteo
dataset, but it should be clear that the further the constraints are
from the control data averages, the more likely we are to find outlier
weights.

It is also important to remember that the ForTune is useful for
predicting averages, not absolute values. For instance, in the shoe
shop example from Section 2.1, we predicted the average sell price,
not the total sales revenue. This is because the campaign likely
increased the number of customers by an amount that we ignore.
1We require the problem to be convex for convenience. We could generalize it to any
type of constraints but we have not encountered in practice a case where this is useful.

Not accounting for changes in the user base can lead to apparent
paradoxes. If the campaign targeted women instead of men, who
in this particular example buy cheaper shoes, the average price
would decrease even though total sales might increase due to the
additional customers.

As in observational studies [9], obtaining an unbiased estimate
of the effect requires identifying confounding covariates. This typ-
ically relies on domain knowledge, although automated methods
have been developed to help identify causal graphs [25]. At Spotify
we built knowledge by comparing ForTune predictions with the
results of past controlled experiments. When predictions were off,
we investigated the reasons and identified missing variables. An
example is provided in Section 4.2.

3 RELATEDWORKS
This work began with an investigation into Sensitivity Analysis,
which is typically defined as studying the relationship between
model output uncertainty and each input variable. However, in
practice it encompasses much more. As Iooss & Lemaître [12] note,
one application aligns with ForTune: “mapping the output behavior
as a function of the inputs, focusing on a specific domain of inputs
if necessary.”

Sensitivity Analysis can be divided into local and global meth-
ods [24]. Local Sensitivity Analysis focuses on the impact of small
input perturbations around a nominal value of the features (typi-
cally the mean) on the model output. When the model is sufficiently
simple, Taylor series expansions can approximate the model, allow-
ing for an analytical differential sensitivity index to be derived [30].
Global sensitivity, on the other hand, examines the model’s overall
response (averages over variations of all features) by exploring a
finite region of the input domain.While early global sensitivity anal-
yses technique assumed feature independence, newer approaches
do not [15, 30].

ForTune can be viewed as a Sensitivity Analysis method because
it examines how output depends on input variations. However,
there are fundamental methodological differences and differences
in applicability. Sensitivity Analysis requires a model of the relation-
ship between inputs and outputs, which can incorporate external
knowledge (e.g., Bayesian models that explicitly define relation-
ships between features). In contrast, ForTune only relies only on
resampling / re-weighting the data and implicitly accounts for fea-
tures correlations. While accurate feature selection is crucial for
ForTune, this is also true for designing analytical models.

Another fundamental methodological difference between Sensi-
tivity Analysis and ForTune is how the scenarios are defined. While
the latter typically requires only a set of global constraints on fea-
ture averages to be set, the predictive models used in Sensitivity
Analysis requires all the individual features to be specified before
generating a prediction. To see why this is a hard problem, imag-
ine that Spotify is interested in estimating the impact on podcast
consumption of an increase of 5% in music consumption. Do we
increase uniformly music consumption by 5% before running the
predictive model? That is probably not realistic. Other features used
by the predictive model probably need adjustment because they
are not independent from music consumption. How is their values
to be decided?

https://www.criteo.com/
https://www.criteo.com/
https://open.spotify.com/
https://open.spotify.com/
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While ForTune and Sensitivity Analysis share a similar goal,
other methods share a similar approach. Weighting observations to
query the data is common in statistics. Examples include stratified
sampling [3] and the Horvitz–Thompson estimator [11]. In election
polling [29], data from a small sample is used to predict larger pop-
ulation behavior. To ensure accuracy, cohorts within the sample are
weighted to represent the broader population, considering factors
such as race, age, gender, education, and geographical location.
These factors play a significant role in voting behavior, and the
demographics of the sample group should match the demographics
of the voting population. The success of Stratified Sampling and
ForTune depends heavily on selecting the right set of features to
match the original data to the target population.

Inverse Probability Weighting (IWS) and ForTune both aim to
estimate quantities related to a target population different from the
one the data was collected from. The key difference is that IWS
assumes a sample of the target dataset is available, while ForTune
relies on a limited set of global constraints to characterize the
target population. Propensity Score Matching (PSM) [20] is another
technique for estimating the effect of an intervention by accounting
for covariates that predict receiving the treatment. While we use
this method in Section 4.1.3 to compare it with ForTune unlike PSM,
ForTune does not require a treatment set. The process of matching
is improved upon using Entropy maximization in [7, 16].

Both IWS and PSM are used in counterfactual analysis, a cru-
cial research area for hypothesis testing, offline evaluation, and
learning in multi-armed bandits and Reinforcement Learning (RL)
exploration policies [23]. Off-Policy Evaluation (OPE), a large subset
of counterfactual analysis, estimates outcomes from deploying a
target policy to a population from which data has already been col-
lected. OPE uses existing data collected based on a logging policy
(typically randomization) and re-weights it with propensities given
by the target policy to estimate what would happen to quantities
of interest if the target policy were to be deployed. Research in
OPE includes applications in slate recommendation [26], sequen-
tial search [19]), reducing the variance of OPE [5], leveraging his-
toric data [1], minimally-invasive randomized interventions [13],
long-term off-policy estimation [22], and interdependent reward
models [18].

Approaches to long-term causal inference (LCI) are also relevant
to our aims. LCI typically uses short-term metrics as surrogates for
long-term effects [2]. Research on LCI focuses on identifying good
surrogates [17, 28, 31] or handling confounding factors [27].

Among these methods, only Sensitivity Analysis requires an
analytic model of the data. Both IWS and PSM require access to
a sample of the target dataset. OPE is designed to evaluate new
policies. ForTune however, requires no analytical model and only
some global statistics about the target dataset. It is simple, relies
on historical data, does not require interventions, does not make
assumptions about surrogacy, does not require models of effects,
and can be applied to virtually any data, attributes, and metrics.

4 EXPERIMENTS
Testing ForTune poses challenges because it is not feasible to set the
treatment branch of a controlled experiment to match a predefined
scenario, and without treatment results, there is no direct way to

evaluate ForTune predictions. Therefore, we adopted an indirect
approach: we use an existing experiment and reverse-engineering
a compatible scenario.

In Section 4.1, in the interest of reproducibility, we use a publicly
available dataset from Criteo. However, important information in
the Criteo dataset was obfuscated by the company to protect user
confidentiality, limiting our ability to analyze the results in full
details. Consequently, we also use proprietary data from Spotify in
Section 4.2.

4.1 Predicting the Probability of Visits on the
Criteo Dataset

The CRITEO-UPLIFT1 dataset [4] was created using data from sev-
eral incrementality tests, which are randomized trials where a por-
tion of the population is prevented from being targeted by advertis-
ing. The dataset contains 25 million rows, each representing a user
with twelve features, a treatment indicator, and two binary labels
(visits and conversions). Positive labels indicate whether the user
visited or converted on the advertiser’s website within a two-week
test period. The overall treatment ratio is 84.6%, reflecting advertis-
ers’ practice of maintaining a small control population to minimize
potential revenue loss. For privacy, the data has been selectively
sub-sampled and anonymized to protect the benchmark’s competi-
tiveness without revealing the original incrementality level or user
context. The dataset is freely accessible on the Criteo datasets web
page.2

The twelve features, named f0 to f11, come without descriptions
or definitions of how they are computed. We only know that they
are predictive of the two labels. In the following experiment, we
chose visits as themetric of interest rather than conversions because
visits are less rare (4.7% compared to 0.3%). This choice helps avoid
dealing with extremely skewed data.

In the upper and bottom panes of Figure 2, we present histograms
of the probability of visits in the control and treatment branches.
We performed bootstrapping by sampling 𝐵 = 199 times with
replacement,3 creating 10, 000 samples from the original dataset and
computing the probability of visits for each sample. This procedure
provides an estimate of the metric’s variability, which is useful for
evaluating prediction accuracy.

4.1.1 The Scenario. To estimate the probability of visits in the
treatment branch based on the control data, ForTune requires a
scenario. This is challenging because Criteo did not provide enough
details on how the dataset was generated, and building a scenario
typically requires domain knowledge. To address this, we identify
a scenario likely to produce the control branch data. Essentially, we
ask: if we have an ideal or somewhat ideal scenario, how well does
ForTune predict the metrics of interest in the treatment branch?

To keep the experiment simple and representative of a realistic
scenario, we impose constraints only on the averages of a subset of
features. We identify the features for which the means in the control
and treatment branches are significantly different and constrain
the weighted averages of this subset to match the corresponding
averages in the treatment branch. The results are reported next.
2https://ailab.criteo.com/ressources
3Given that the Criteo dataset contains nearly 14 million observations, sampling with
or without replacement is unlikely to make a significant difference.

https://www.criteo.com/
https://www.criteo.com/
https://open.spotify.com/
https://www.criteo.com/
https://www.criteo.com/
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https://ailab.criteo.com/ressources
https://www.criteo.com/
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4.1.2 ForTune Predictions. We apply ForTune to predict the proba-
bility of visits in the treatment branch. To establish the constraints,
we compute the control set averages and the treatment set aver-
ages of the twelve features. Only features f1, f4, f7 and f10 have
notably different averages, so we design constraints only for these
features.4 Setting these as constraints in Equation (5) leads to the
convex optimization problem in Equation (7), where the sum is over
the observations in the control set.

arg max
𝝎

H(𝝎)

subject to
1
𝑁

∑︁
𝑛

𝜔𝑛f1𝑛 = 17.00,

1
𝑁

∑︁
𝑛

𝜔𝑛f4𝑛 = 3.59,

1
𝑁

∑︁
𝑛

𝜔𝑛f7𝑛 = −5.43,

1
𝑁

∑︁
𝑛

𝜔𝑛f10𝑛 = 23.34,

𝜔𝑛 ≥ 0 𝑛 ∈ {1 . . . 𝑁 },
𝑁∑︁
𝑛

𝜔𝑛 = 1 𝑛 ∈ {1 . . . 𝑁 }

(7)

Once the weights 𝝎 are evaluated, we use them to estimate the
probability of visits 𝑣test in the treatment set as:

𝑣test =
1
𝑁

∑︁
𝑛

𝜔𝑛𝑣𝑛

𝑣𝑛 ∈ {0, 1} indicates whether the user in observation 𝑛 made a visit,
corresponding to the visit column of the Criteo dataset.

In practice, it is useful to resample, as we did above, to estimate
the probability of visits rather than computing a single point esti-
mate based on the entire control dataset. As described, we sample
𝐵 = 199 times 10, 000 observations with replacement from the con-
trol set. We then run the procedure that implements (7) on each
of the 199 data samples. The result is plotted in the pane of Fig-
ure 2 titled ForTune. While the predicted probability of visits is
overestimated, the ForTune and treatment histograms overlap.

4.1.3 Nearest Neighbor Matching (NNM). ForTune only uses the
treatment set averages, but suppose instead that the full treatment
branch dataset was available to us.5 In this hypothetical case, we
should achieve better or equal accuracy compared to using ForTune
because we have more information about the treatment. This task
is amenable to Nearest Neighbor Matching (NNM), also known as
greedy matching.

NNM is a type of Propensity Score Matching (PSM) [8, 21], a
family of methods typically used to identify causal relationships
from observational studies. In PSM, a set of weights is evaluated
to match the control as closely as possible to the treatment set.
ForTune, on the other hand, finds a set of weights that satisfy the

4We also ran the experiment using constraints based on the twelve features and the
results were similar.
5Excluding the key metrics we intend to predict using ForTune, otherwise the solution
would be trivial.

scenario, which is designed to approximate the controlled experi-
ment that produced the treatment set. It therefore makes sense to
compare the two methods.

The idea behind NNM is the following. For each individual in the
treatment group, it finds the most similar individual (or individuals)
in the control group based on a set of observed characteristics
— hence the term “nearest neighbors”. Here, we use the matchit
function from the MatchIt R package [10], which is based on the
propensity score computed using generalized linear model (glm).

NNM cannot be used when we only have a scenario like For-
Tune’s. Instead, it requires a full treatment dataset to match the
observations. However, we expect it to be more accurate because it
utilizes more detailed information, making it an upper bound on
what ForTune can achieve.

The results of NNM are reported in the “match” pane of Fig-
ure 2. We observe that the histogram in the “match” pane coïncides
more closely with the “treatment” pane and sits between ForTune
and “treatment”. Despite this, ForTune’s performance is quite good,
considering the simple scenario needed to specify the problem.

treatment

match

ForTune

control

0.25 0.26 0.27 0.28 0.29

0

20

40

0

20

40
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20

40

0

20
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average probability of visit

Figure 2: Probabilities of Visit. The “control” and “treatment”
panes report the probability of visit in the control and treat-
ment sets. The panes titled “ForTune” and “match” show the
estimated probability of visit 𝑣test on the treatment set by
the respective methods. We observe that even though the
“match” predictions align better with the histogram in the
“treatment” pane the “ForTune” predictions are quite good.
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Figure 3: The business metric is scaled to range between -1
and 1. Consumption distribution is evaluated by bootstrap-
ping (B=50) for each value of the consumption percent lift
on the x-axis. The distribution is represented both by a vio-
lin plot and a regular box plot. The business metric value is
distributed around 0 when the consumption lift is null. The
variability results from bootstrapping and gives an estimate
of the intrinsic noise in the data.

4.1.4 Analysis. The actual probabilities of visits for control and
treatment are reported in the top and bottom panes of Figure 2.
Some might be surprised to see that the probability of visits is lower
in the treatment group. A possible explanation is that users in the
treatment group are targeted less frequently but withmore accuracy,
leading to both less exposure and higher conversion rates.6 The
predictions from the Matching and ForTune methods are plotted
in the two middle panes. As expected, Matching performs better;
the histograms generated by the bootstrap runs partially overlap.
ForTune underestimates the effect of the treatment, but the direction
is correct and the magnitude is relatively close.

Overall, considering that the constraints in Equation (7) pro-
vides only a high level description of the actual treatment effects,
ForTune’s predictions are remarkably close. This result is repre-
sentative of what we often observe; the predictions are not perfect
but point in the right direction, making them useful for informing
decision-making.

4.2 ForTune at Spotify
Spotify is among the largest audio streaming services in the world,
offering music, podcasts, and audiobooks to users worldwide. As a
large business, Spotify consists of many different teams, each with
its own key performance metrics, some of which may compete with
each other. For instance, one teammay prioritize driving conversion
to the premium product, while another may focus on long-term

6Based on a personal conversation with a former Criteo employee.

retention or engagement. These teams run numerous experiments,
typically optimizing for one or two metrics.

Historically, one of the most influential areas within the Spo-
tify app is the homepage, where users discover new content and
revisit familiar content. Given that changes to the homepage can
significantly impact key metrics, we decided to analyze ForTune
through a series of experiments conducted on this surface. Specifi-
cally, we chose to focus on business metrics, as they are of utmost
importance and have historically been less emphasized in favor of
easier-to-measure, short-term engagement metrics.

The business estimates reported here are obfuscated to preserve
confidentiality. We always apply a monotonic transform to the
business estimates and the variables they depend on. Additionally,
we only report relative change, not absolute values and normal-
ized them to span the [−1, 1] interval. The different figures report
results for various user cohorts, but we do not specify how these
cohorts are defined. When we report the obfuscated business met-
ric changes against certain feature values, the definitions of these
features are intentionally vague. While these measures protect Spo-
tify’s business confidentiality, they do not prevent the analysis from
illustrating the potential of the method proposed in this paper.

The methodology is the same as in the previous section: we uti-
lize the control branch data and a scenario to predict the metrics of
interest observed in the treatment branch. The main result is that
out of 10 monitored metrics from 5 experiments run on Spotify’s
mobile app homepage, 6 were statistically significant. ForTune esti-
mated mean was directionally aligned 9 times, and the estimated
mean histograms overlapped the observed values 8 times. While
this is anecdotal evidence, it helped build our confidence in the
tool. In Section 4.2.3 we revisit the failed experiment to analyze it
in more detail.

We proceed by illustrating representative results obtained from
these experiment and how they can be used.

4.2.1 Dealing with Scenario Uncertainty. When designing a sce-
nario, it is often challenging to identify precise values for setting
constraints. For example, Spotify can influence user consumption
by altering what is surfaced or by changing the user interface.While
we can build some knowledge on the extent of these changes, un-
certainty about the exact amplitude of the consumption change
always remain.

A natural step then, is to evaluate different scenarios where
consumption varies across a range of values that reflects this uncer-
tainty. Figure 3 shows the relationships between user consumption
and a business metric of interest. In this particular case, the rela-
tionship is approximately linear and decreasing. It is also important
to note that ForTune is not limited to linear relationships; in other
cases, we have observed that the business metric flattens beyond
certain values of the control feature.

The information provided by Figure 3 is useful for deciding how
to act on specific cohorts and markets. Depending on whether the
slope is positive or negative in a given market, the company might
apply different strategies. If the slope is close to zero for business
metrics like user retention, user satisfaction, revenue, expenses,
this might suggest deprioritizing a project in favor of another one
with more promising outcomes.

https://open.spotify.com/
https://open.spotify.com/
https://open.spotify.com/
https://www.criteo.com/
https://open.spotify.com/
https://open.spotify.com/
https://open.spotify.com/
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https://open.spotify.com/
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Figure 4: Scaled User Satisfaction. Estimation of user satis-
faction in relation to music consumption and discovery of
new content based on 50 bootstraps.

4.2.2 Exchange Rates. The need to trade off between two metrics
naturally arises at many decision points. For example, podcast
consumption might compete with music consumption for user time,
although increase consumption of one type might expose the user
to more opportunities to consume the other type. Predicting which
of these opposing effects will dominate is often difficult, especially
when the control variables vary in intensity; the trade-offs between
podcast and music consumption could differ for users with light
versus heavy consumption.

We can use ForTune to quantify the impact of such trade-offs
on business metrics of interest and introduce the concept of an
exchange rate between control variables. The objective is to answer
the question: for a fixed value of the business metric, how much
must podcast consumption change to compensate for a change in
music consumption?

Such trade-offs are ubiquitous in complex applications. In web
search, advertisements compete with organic search results and
the diversity of the result list competes with recall. At Spotify, the
discovery of new music competes with users’ desire for familiar
content, and popular content competes with more personalized
niche content. In the example below, we examine the trade-offs
between music consumption and the discovery of new content on
a metric akin to user satisfaction.

We run a ForTune experiment with bootstrapping (𝐵 = 50) over
a grid of music consumption and discovery values, and report the
associated business metric in Figure 4. Each cell displays the me-
dian of the business metrics and the empirical standard deviation.
We observe a clear trend where user satisfaction increases with
discovery and with music consumption, even though it is not sta-
tistically significant. The figure also suggests that a decrease in the
discovery rate below -4 is associated with a more severe decrease
in user satisfaction, although this effect is mitigated by an increase
in music consumption.
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Figure 5: Distribution of the estimations given by two differ-
ent scenarios and comparison with the true value. Adding
more constraints shifted the distribution of predictions for
each bootstrap and made the median of the distribution
closer to the actual value.

This technique, while still being refined, is used at Spotify to
inform decisions about top-level targets for company strategies
related to content discovery and user satisfaction.

4.2.3 Example of a Miss-Specified Scenario. We examine a case
where ForTune failed to provide a prediction directionally aligned
with the treatment branch outcome. We demonstrate how this sce-
nario was improved by adding more constraints, emphasizing the
importance of how the scenario is defined, as noted in Section 2.4.

In this example, a new ranking function for podcasts was tested
on Spotify’s homepage. The experiment showed a negative, statisti-
cally significant impact on two business metrics related to consump-
tion and subscriptions. The control metrics used in the experiment
were podcast consumption and user activity on the homepage.
Based on this scenario, the tool failed to predict the negative impact
on the two business metrics. Instead, it predicted an increase.

After a thorough analysis, we added constraints to the features
related to the consumption of other content types and subscription
behavior. This not only led to a more accurate prediction, but also
prompted the experiment designers to revise their hypotheses re-
garding the treatment effect and the specification of control metrics
during the experiment. Figure 5 shows histograms of the predic-
tions before and after adding the extra constraints (Scenarios A
and B, respectively). The figure also reports the target metric value
observed in the treatment.

CONCLUSION
The limitations of online testing and our desire to produce useful
insights for product decisions led us to develop ForTune, a flexible,
lightweight, and inexpensive approach to investigating hypotheses

https://open.spotify.com/
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about changes in consumption behavior, businessmetrics, and trade-
offs between the two. ForTune is an offline, model-free solution
that can explore many hypotheses at low cost, providing powerful
support for product leaders making key decisions.

However, like most technological advances, ForTune comes with
trade-offs. It is important to emphasize that not all of ForTune’s
predictions will be accurate or precise, although better domain
knowledge and experience help build higher confidence. We expect
predictions to have a large variance to accommodate the uncer-
tainty inherent in the vague and under-specified scenarios for which
the tool is intended. These scenarios are typically described by a
limited number of simple constraints, such as a new average or a
new proportion, without addressing the causality of relationships
among constraints or user behaviors. ForTune is best used to iden-
tify trends in trade-offs, extrapolate changes in consumption due to
algorithmic changes to longer-term business metrics, and generate
hypotheses for deeper analysis.

Nevertheless, teams at Spotify are using the tool to generate
insights that have previously eluded many teams and leads. These
insights have been crucial in making several key product decisions,
providing decision-makers with an understanding of relationships
between key metrics. We intend to continue expanding the tool by
adding new diagnostics, particularly measures derived from infor-
mation theory, and extending it to end-to-end offline evaluation
by linking it to off-policy estimation of consumption shifts and
projections of user growth.
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