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Impact Evaluation for Business Outcomes

Goal of impact evaluation
• Assessing how a specific intervention influences an outcome
• Outcomes may be measures such as key performance indicators

Defining relevant outcomes
• Selection of outcomes should be guided by core business
objectives and goals

• These considerations include risk tolerance and financial
stability

Examples of business objectives
• Growth aims such as market expansion or new markets
• Profit-oriented goals like profitability or cost efficiency
• Metrics such as market share or sales per customer
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Fundamental Problem of Causal Inference

Core challenge in impact evaluation
• Interest in causes and effects of interventions on outcomes
• Inability to observe the world with and without intervention
simultaneously⇒ fundamental problem of causal inference

Example
Evaluating the impact of a marketing campaign
• Evaluating a marketing campaign’s impact on store sales
• We would like to compare sales with and without the campaign
• However, a store can only run or not run the campaign but not
do both simultaneously
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More Examples of the Fundamental Problem

Example
Pricing strategy evaluation
• Discount offered when purchasing products in combination
• Same customer cannot be observed with and without discount

Employee training programs
• Training aimed at improving productivity and performance
• Cannot observe the same employee with and without training

Implications for causal analysis
• Causal effects cannot be directly observed because of mutually
exclusive treatment states

• Challenge for evaluating effectiveness of interventions
5
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Overcoming the Fundamental Problem of Causal Inference

Assessing impact despite limitations
• Fundamental problem prevents direct observation of causal
effects

• Impact assessment is only possible under specific behavioral
assumptions

Role of causal methods
• Methods rely on assumptions about human behavior
• Plausibility of assumptions depends on the context
• Implementation of impact evaluation is feasible using statistical
software such as R and Python
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Variables for Impact Evaluation

Use of variables
• Use letters to represent variables
• Variables can describe interventions and outcomes

Intervention variable D
• D denotes the intervention of interest
• Takes different values depending on whether intervention is
introduced or not

• D = 1 indicates intervention and D = 0 indicates no intervention

Outcome variable Y
• Y denotes the outcome of interest
• Takes numerical values based on observed outcomes
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Causal Graphs

Causal graphs
• Causal graphs can display relations between variables
• Causal arrow from D to Y represents the effect of interest

Figure 2.1: Impact of intervention (D) on outcome (Y)

D Y

Figure 2.2: Impact of a marketing intervention on sales outcome

marketing sales
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Potential Outcomes and the Fundamental Problem

Potential outcomes
• Y(1) denotes outcome with the intervention
• Y(0) denotes outcome without the intervention
• Impact is given by Y(1)− Y(0)

Fundamental problem of causal inference
• Relationship between observed and potential outcomes:

Y = Y(1) if D = 1, Y = Y(0) if D = 0 (2.2)
• Y(1) and Y(0) are never observed simultaneously for the same
unit

• Therefore, Y(1)− Y(0) cannot be calculated directly
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Potential outcomes and impact

unknown. Therefore, the relationship between the observed and potential outcomes can be
described as follows:

Y =Y (1) if D= 1, Y =Y (0) if D= 0. (2.1)

As potential outcomes Y (1) and Y (0) are never observed simultaneously for any store, the
impact of the intervention Y (1)−Y (0) cannot be calculated straightforwardly, posing a fun-
damental problem of causal inference. However, this problem can be overcome under certain
behavioral assumptions using certain methods, as we will discuss later in this book.

One important behavioral assumption inherent in our definition of potential outcomes
Y (1) and Y (0), as well as the impact Y (1)−Y (0), is that a store’s sales outcome is influenced
solely by the marketing intervention in that store, without being affected by interventions in
other stores. In other words, customers’ buying behavior in a store is assumed to be inde-
pendent of whether a marketing campaign is introduced in another store. If this were not the
case, we would need to consider potential sales outcomes based not only on the campaign in
the store of interest but also on campaigns in other stores. This consideration would account
for spillover (or interference) effects, where customers, for example, may see a product ad in
a different store and decide to purchase that product in our store, even though our store did
not advertise it. For this reason, spillover effects may not only benefit the store implement-
ing the intervention but also impact competitors within the same market or industry in both
the short and the longer run, for instance, through downstream impacts on brand perception
or customer trust. However, incorporating such spillover effects complicates impact evalu-
ation in terms of notation and methods. Hence, in the ensuing discussion, we will adhere
to the assumption of no spillover effects, a behavioral assumption known as the “stable unit
treatment value assumption” (SUTVA) [see, for instance, the discussion in Rubin (1980)
and Cox (1958)].

−1
0
1

Figure 2.3: Potential outcomes and impact
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Introduction of Behavioral Assumptions

Overcoming the fundamental problem
• Impact Y(1)− Y(0) cannot be calculated directly because Y(1)
and Y(0) are never observed simultaneously

• Overcoming this problem requires specific behavioral
assumptions using appropriate causal methods

Stable unit treatment value assumption (SUTVA)
• A store’s sales are assumed to depend only on its own
intervention and not on interventions in other stores

• Spillover (or interference) effects may arise, for example, when
advertising in one store affects sales in another store

• SUTVA rules out such spillover or interference effects
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Average Causal Effects

Evaluating effects at an aggregate level
• Individual causal effects cannot be directly observed
• Assumptions such as SUTVA allow evaluation at the group level

Average causal effect
• Focus on average impact in a population
• For example, the average effect of a marketing campaign on
sales across stores

Formal definition
• The average causal effect is denoted by ∆
• Defined as the expected difference in potential outcomes

∆ = E[Y(1)− Y(0)] (2.2)

where E[ · ] denotes the average in the population of interest
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Treatment Effects

Average treatment effect (ATE)
• Average causal effect also called average treatment effect
• Measures the impact of an intervention in the whole population

Average treatment effect on the treated (ATET or ATT)
• Impact among units receiving the intervention

∆D=1 = E[Y(1)− Y(0)|D = 1] (2.3)

Average treatment effect on the nontreated (ATENT)
• Impact among units not receiving the intervention

∆D=0 = E[Y(1)− Y(0)|D = 0] (2.4)
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The Problem with Naïve Comparison

Naïve comparison
• Compare average outcomes of treatment and control groups
• Treatment group receives the intervention
• Control group does not receive the intervention

Requirement for validity
• Treatment and control groups must be comparable in
background characteristics that affect the outcome of interest

Problem in practice
• Treatment and control groups often differ systematically
• For that reason, these outcome comparisons may be
contaminated by differing background characteristics

• Simple comparisons may yield biased effects
16
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Selection Bias in Loyalty Card Intervention

Loyalty card intervention
• Shop issues loyalty cards
• Outcome of interest is purchase volume

Issue with naïve comparison
• Customers with loyalty cards may buy more even without the
card because card possession is correlated with prior shopping
behavior

Differences in buying intent
• Frequent shoppers see higher benefits from a loyalty card
• Less frequent shoppers gain little or no benefit
• Treatment and control groups thus differ in buying intent
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Selection Bias in Discount Intervention

Customer churn and discounts
• Customer churn refers to switching service providers
• Discounts may be used as an intervention to increase customer
retention

Nonrandom discount assignment
• Discounts targeted at customers with high churn intention
• Leads to treated and untreated customers differing
systematically

Differences in churn intention
• Simple comparison mixes discount effects and churn intention
• Treatment and control groups differ in churn intention biasing
the comparison
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Selection Bias

Definition
• Treatment and control groups differ in background
characteristics

• These characteristics affect the outcome of interest

Implications
• Difference in average observed outcomes does not equal
intervention impact

• Comparing D = 1 and D = 0 may mix multiple effects
• Naïve comparison of treatment and control outcomes is invalid
in the presence of differences in background characteristics
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Graphical Representation of Selection Bias

Causal graph
• Introduction of U for background characteristics
• U may represent buying intent or churn intent
• U affects both intervention D and outcome Y

D Y

U

Figure 2.4: Selection bias
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Selection Bias When Evaluating a Loyalty Card

Figure 2.5: Selection bias when evaluating a loyalty card

Loyalty card Purchases

Buying intent
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Ceteris Paribus and Comparable Groups

Requirement for valid impact evaluation
• Treated and control groups must be comparable in background
characteristics U

Ceteris paribus condition
• Means everything else equal apart from the intervention
• If U affects Y, it must not affect D
• Background characteristics must not differ systematically

Implications for causal effects
• Differences in outcomes attributed to the intervention alone
• No confounding by background characteristics
• Allows identification of the average treatment effect
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No Selection Bias

D Y

U

Figure 2.6: No selection bias
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Incomparable Treatment and Control Groups

Visual representation of selection bias
• Figures represent subjects in treatment and control groups
• Same colors indicate shared background characteristics
• Treatment and control groups differ in their composition
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Intervention (D = 1)

E[Y | D = 1] – E[Y | D = 0] ≠ E[Y (1) – Y (0)]

No intervention (D = 0)

Figure 2.7
Incomparable treatment and control groups

Indeed, the difference in average outcomes across groups generally only corresponds to
the ATE if the following conditions are met. First, the average outcome (e.g., average pur-
chases) in the treatment group (receiving the loyalty card) is representative of the potential
purchases that would on average have occurred in the entire population if everyone had
received a loyalty card. Second, the average purchases in the control group (not receiving
the loyalty card) are representative of the potential purchases that would on average have
occurred in the entire population if nobody had received a loyalty card. These conditions
rule out that any background characteristics U (like buying intent) affecting the purchases
outcome are on average different across the treatment group, the control group, or the entire
population (which consists of both the treatment and control groups). To sum up, treatment
and control groups must be representative of the whole population in terms of U (or at least
average values of U) to satisfy equation (2.6) and rule out selection bias, as illustrated in
figure 2.6.

Conversely, if this condition is not met, then U affects both D and Y , leading to selection
bias. In this case, we should refer to figure 2.4 and equation (2.5) instead of figure 2.6
and equation (2.6), which means that we cannot confidently infer causality from average
outcome differences. Unfortunately, we cannot directly observe the existence andmagnitude
of selection bias in the data, just like we cannot directly observe causal effects. The reason
for this is that we cannot observe the average potential outcomes in the whole population,
E[Y (1)] and E[Y (0)], as we only know either Y (1) or Y (0) for any individual. Therefore,
we cannot verify whether equation (2.6) is true, which would imply comparing apples to
apples (meaning that the treatment and control groups are representative of each other and
the entire population). Therefore, it is typically difficult to ascertain whether and to what
extent selection bias affects a given dataset.

In general, we would suspect selection bias to be an issue in most data that we observe,
because people tend to act in a strategic way based on their personal characteristics. For
instance, in our example of the loyalty card, it seems probable that individuals with a
stronger inclination to buy would more often opt for the card, while those with lower buying−1

0
1

Figure 2.7: Incomparable treatment and control groups

Implication for impact evaluation
• Average outcome differences do not correspond to the ATE

24
2.1 The Fundamental Problem of Impact Evaluation 2.2 Characterizing the Impact 2.3 The Problem of Comparing Apples to Oranges



When Simple Differences Identify the ATE

Absence of selection bias
• Treatment and control groups are comparable
• No systematic differences in background characteristics

Implications for impact evaluation
• Difference in average outcomes equals the ATE
• Formally

E[Y|D = 1]− E[Y|D = 0] = E[Y(1)− Y(0)]︸ ︷︷ ︸
∆

(2.6)

Interpretation
• Groups are comparable and represent the full population
• Compares apples with apples
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Selection Bias and Identification of the ATE

Selection bias preventing identification of ATE
• Treatment and control groups differ systematically in
background characteristics

• Treatment and control groups are not representative
• ATE cannot be identified and thus comparison yields biased
estimates

Why selection bias is common in practice
• Observed data often reflect strategic human behavior
• Personal characteristics influence intervention decisions
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