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Limitations of Experiments

Short evaluation window
• Experiments are often conducted over a short period of time
and thus primarily capture short-term effects

• Long-term effects may not be captured

Representativeness and scope
• Participants may not represent the broader population
• Focus on narrow changes in highly controlled environments

Practical constraints
• Financial, ethical, or organizational barriers may limit
experimentation

• Some interventions may be impossible to manipulate
experimentally
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Observational Data for Impact Evaluation

Use of observational data
• Impact evaluations often rely on nonexperimental data
• Data sources include surveys, company records, and
administrative data

Covariates in observational settings
• Data include intervention, outcomes, and additional covariates
• Covariates cover characteristics like age, gender, income, or past
behavior

Limits of observational data
• Interventions are typically not randomly assigned
• Treatment and control groups are not directly comparable
• Simple outcome comparisons are insufficient for impact
evaluation
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Causal Analysis with Observational Data

Impact evaluation with observational data
• Causal analysis is feasible even without experiments
• Causal analysis requires specific methods, typically relying on
observed covariates

• The main goal is to compare apples with apples

Ensuring comparability
• Selection bias may be present: Covariates may influence both
the intervention and the outcome

• Causal methods aim to compare units with the same or very
similar covariates

• The impact is then evaluated within these comparable units
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Comparing Apples with Apples
�

�

“837-132639_2P” — 2025/1/17 — 11:50 — page 38 — #2
�

�

�

�

�

�

38 Chapter 4
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Figure 4.1
Comparing apples with apples

comparing the outcomes of treatment and control groups with the same or at least very
similar covariates, we aim at comparing apples with apples, as required for a proper impact
evaluation. This concept is illustrated in figure 4.1, where figures of the same color represent
subjects with comparable covariates, while figures of different colors represent subjects with
differing covariates. As the treatment group comprises three black figures and one white
figure, and the control group (D= 0) consists of one black and three white figures, it is
evident that the two groups are not directly comparable. However, by selectively comparing
subsets of figures across the treatment and control groups that share the same color, we
aim to evaluate the intervention’s impact within subsets that are comparable in terms of
covariates.

Indeed, we hope (rather than know) that making treatment and control groups comparable
with respect to covariates is sufficient, but we can never be certain that the two groups do
not also differ in other outcome-relevant characteristics that we cannot observe. For exam-
ple, imagine we want to evaluate the impact of a loyalty card on purchases and compare
customer groups holding and not holding a card that are comparable in covariates like edu-
cation, gender, and age. However, we cannot be certain that these covariates account for all
differences in buying intent between the two groups. If this is not the case, then the two
groups differ not just in terms of covariates but also in unobserved characteristics, like cer-
tain personality traits, that affect the outcome (purchases). In such a scenario, our aim of
comparing apples with apples did not (fully) succeed. We ended up comparing apples with
oranges due differences in unobserved characteristics that entail differences in the outcome
that cannot be attributed to the intervention. Therefore, exploiting covariates for impact
evaluation relies on the behavioral assumption that the information in these covariates is
rich enough to generate treatment and control groups that are comparable just like in an
experiment, which is known as the “selection-on-observables” assumption. Put differently,
the assumption implies that the intervention is as good as being randomly assigned among
subjects that are comparable in terms of their covariates.

Let’s for instance consider the impact of a discount on customers’ buying decisions in an
online marketplace. The selection-on-observables assumption implies that when only con-
sidering customers who are comparable in covariates like past buying behavior, which may
affect both current purchases and the likelihood of being offered a discount, receiving a dis-
count or not is as good as random. This assumption may be plausible if the characteristics
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Figure 4.1: Comparing apples with apples
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Selection-on-Observables Assumption

Limits of covariate adjustment
• Comparability is assumed based on observed covariates
• Groups may still differ in unobserved characteristics

Presence of hidden factors
• Unobserved traits may affect outcomes
• Apples-to-apples comparisons may fail due to such hidden
factors

Behavioral assumption
• Selection-on-observables assumption: Covariates must be
sufficiently rich to ensure comparability

• The intervention is treated as quasi-random conditional on the
observed covariates
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Evaluating a Discount with Observational Data

Discounts in online marketplaces
• Evaluating the impact of discounts on customer purchasing
decisions

• Use of observational data without random assignment

Role of observed covariates
• Covariates such as past purchasing behavior affect both
discount receipt and purchases

• Conditional on these covariates, discount receipt is assumed to
be as good as random

Requirements for plausibility
• Key drivers of discount assignment are observed in the data
• No unobserved or hidden factors
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Selection on Observables When Evaluating a Discount
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Figure 4.2
Selection on observables when evaluating a discount

that importantly influence the discount are well known and observed in the data, such as
if the online marketplace offers discounts based on a customer’s past purchasing behavior.
Additionally, unobserved characteristics that affect the outcome should be unlikely to also
affect the discount after accounting for the covariates to make our assumption plausible.
This condition is met, for example, when particular customer characteristics affecting cur-
rent purchasing behavior—such as a tendency for impulsive shopping—have no relevance
concerning the receipt or nonreceipt of a discount.
When finding comparable treatment and control groups in terms of observed characteris-

tics, it is important to measure these characteristics prior to the intervention. If we measure
them after, themeasured characteristicsmay have been affected by the intervention, such that
any differences in postintervention characteristics between the treatment and control groups
may reflect part of the intervention’s impact, rather than preexisting differences. Clearly,
differences in the buying behavior of customers who received a discount and those who did
not may be due to the discount’s impact. Therefore, we want to compare groups with similar
buying histories before the discount (to compare apples with apples), while any difference
after the discount could indicate the presence of an impact. As this impact is what we want
to evaluate, we would not want to make the groups comparable in their buying behavior after
the intervention took place, as doing so would incorrectly skew (or bias, to use statistical
parlance) the impact.
Figure 4.2 illustrates our scenario of selection on observables using a causal graph, where

causal effects are depicted by arrows. The focal causal effect we aim tomeasure is the impact
of the discount on a customer’s current buying behavior, our outcome variable. This is com-
plicated by the fact that a customer’s past buying behavior influences both the receipt of a
discount and the current buying behavior, such that we need to find discount recipients and
nonrecipients who are comparable in their past buying behavior before evaluating the dis-
count effect. Besides past buying behavior, a customer’s tendency for impulsive shopping
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Figure 4.2: Selection on observables when evaluating a discount
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Timing of Covariate Measurement

Including pre-intervention covariates
• Groups should be made comparable based on characteristics
measured prior to the intervention

• Covariates measured after the intervention may reflect part of
the intervention’s impact

Example
Evaluating the impact of a discount on buying behavior
• Compare customers with similar buying behavior before the
discount

• Post-discount buying behavior may already reflect the
intervention’s impact

• Conditioning on it would bias the estimated impact
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Limits of Selection on Observables

When is the selection-on-observables assumption unlikely to hold?
• Not all drivers of intervention and outcomes are observed
• For example, training participation and worker productivity may
both be affected by unobserved motivation or personality traits

Implications for causal analysis
• Comparability based on observed covariates may be insufficient
• Unobserved characteristics may lead to apples-and-oranges
comparisons

Observational versus experimental estimates
• Observational analyses often rely on rich sets of covariates
• If the selection-on-observables assumption holds, estimated
effects should match experimental results

• In practice, substantial differences may arise and thus indicate
unobserved confounding
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Causal Graph for Selection on Observables

Causal structure
• X denotes observed characteristics or covariates
• Covariates X affect both the intervention D and the outcome Y
• No unobserved variables jointly affect D and Y given X
• Sets of unobserved variables may still affect D or Y separately
• However, these sets must not be associated with each other

D Y

X

Figure 4.3: Selection on observables
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Common Support in Impact Evaluation

Common support
• In addition to selection on observables, common support must
hold

• Common support requires sufficient overlap in covariate
distributions across groups

• In other words, comparable subjects must exist across groups
for all relevant covariate values

• For example, individuals of similar ages must be present in both
treatment and control groups if age is included as a covariate

Consequences of lack of common support
• No valid comparison is possible if comparable units are missing
• Impact cannot be evaluated for those covariate values
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Formal Assumptions for Observational Impact Evaluation

Selection on observables
• Treatment is as good as random conditional on covariates X
• Formally

{Y(1), Y(0)} ⊥ D | X (4.1)

Common support
• Requires overlap of treatment and control for all values of X
• Treated and untreated units exist for each covariate value
• Formally

0% < Pr (D = 1 | X) < 100% (4.2)
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Matching Methods for Impact Evaluation

Matching approach
• Intuitive method within the selection-on-observables framework
• Matches treated and untreated observations with identical or
very similar covariate values

• Treatment and control units differ only in intervention status

Estimating causal effects
• Compare average outcomes across matched treatment and
control units

• Matching all units, i.e., finding a matching observation for each
treated and untreated unit, yields the ATE

• Matching only treated units, i.e., finding a matching observation
only for each treated unit, yields the ATET
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Pair Matching Based on Age
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Figure 4.4
Pair matching based on age

and control groups that are similar in terms of observed characteristics. We can then com-
pare the average outcomes, such as productivity, across the matched groups to evaluate the
impact of the intervention. Applying pair matching to all employees in the sample yields
the average treatment effect (ATE), as shown in equation (2.2) in chapter 2. However, if we
apply pair matching to only the trained employees, we obtain the average treatment effect
on the treated (ATET), as shown in equation (2.3).
Looking at figure 4.4, we can see a visual representation of how pair matching works.

Imagine we want to find the best match for an employee who received the training inter-
vention (D= 1) among employees who did not receive the training (D= 0), with the goal
of finding the most similar match in terms of age, which we will assume for simplicity is
the only observed covariate X . We can then take the average difference in performance out-
comes between the trained employees and their matched, untrained counterparts to estimate
the ATET—in other words, the average effect of the training intervention among those who
actually received it. Of course, in reality, we want to find matches that are comparable across
multiple covariates, such as age, education, and work experience. To accomplish this, we
use specific metrics like the so-called Mahalanobis distance, which allows us to assess how
similar or different two potential matches are across multiple characteristics, in order to find
matches that closely resemble the treatment group in all relevant aspects. This process is
depicted in figure 4.5, where figures in the treatment and control groups sharing the same
color and size possess comparable values across multiple covariates and are matched, as
indicated by the connecting lines.
In addition to pair matching, there are several other matching methods with their own

strengths and weaknesses. One such approach is one-to-many or 1:M matching, where for
each reference observation—for example, a subject receiving the intervention, we find mul-
tiple (rather than just one) matches in the control group that are similar in terms of covariates
X . Figure 4.6 illustrates this approach for a single covariate X (like age) whenM = 2—that
is, when the two closest observations in the control group are matched to a reference obser-
vation receiving the intervention. Also in this case, we compare the average outcomes of
the matched treatment and control groups to assess the causal effect of the intervention.
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Figure 4.4: Pair matching based on age
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Pair Matching in Practice

Example
Employee training evaluation
• Match each trained employee with an untrained employee with
the same or similar age

• Compare outcomes of trained employees to matched untrained
employees

• Average outcome differences estimate the ATET

Matching on multiple covariates
• Real-world matching uses several characteristics simultaneously
• Similarity can be assessed using distance measures like the
Mahalanobis distance

• Matches based on this measure ensure comparability across all
relevant covariates
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Variants of Matching Methods

Matching methods
• Pair (1:1) matching: Match each treated unit to exactly one
control unit with similar covariates X

• One-to-many (1:M) matching: Match each treated unit to
multiple control units with similar covariates X

• Radius or caliper matching: Match each treated unit with all
control units within a certain distance in covariates

• ATET is estimated by comparing average outcomes

20
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Figure 4.5
Pair matching
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Figure 4.6
1:M matching

Another option is radius or caliper matching, which uses a minimum level of similarity
rather than the number of closest matches as the matching criterion. For example, for a ref-
erence observation that is 36 years old, wemight require that only observations within 1 year
(i.e., between 35 to 37 years) be considered as matches. This method allows several obser-
vations to be used as matches, as long as they meet the similarity criterion for age (or other
covariates).
The matching approaches discussed so far have a potential caveat: they require finding

matches that are similar in all characteristics X , which can be challenging in practice when
there are many characteristics to consider. For this reason, pair and 1:M matchingmay imply
nonnegligible errors or biases when evaluating impacts even in large samples if X contains
multiple continuous characteristics that take many distinct values, like income or wealth.
This issue can be mitigated by combining matching with regression, which may correct
certain biases (see Rubin, 1979 and Abadie and Imbens, 2011). As another alternative,
Rosenbaum and Rubin (1983) propose propensity score matching for impact evaluation.
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Figure 4.5: Pair matching
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1:M Matching
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1:M matching

Another option is radius or caliper matching, which uses a minimum level of similarity
rather than the number of closest matches as the matching criterion. For example, for a ref-
erence observation that is 36 years old, wemight require that only observations within 1 year
(i.e., between 35 to 37 years) be considered as matches. This method allows several obser-
vations to be used as matches, as long as they meet the similarity criterion for age (or other
covariates).

The matching approaches discussed so far have a potential caveat: they require finding
matches that are similar in all characteristics X , which can be challenging in practice when
there are many characteristics to consider. For this reason, pair and 1:M matchingmay imply
nonnegligible errors or biases when evaluating impacts even in large samples if X contains
multiple continuous characteristics that take many distinct values, like income or wealth.
This issue can be mitigated by combining matching with regression, which may correct
certain biases (see Rubin, 1979 and Abadie and Imbens, 2011). As another alternative,
Rosenbaum and Rubin (1983) propose propensity score matching for impact evaluation.
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Figure 4.6: 1:M matching
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Propensity Score Matching

Limits of direct matching
• Requires similarity across all covariates X
• Difficult to find exact matches with increasing number of
characteristics

Propensity score matching
• Units are matched based on the propensity score Pr(D = 1 | X),
i.e., the probability of receiving the intervention given X

• The propensity score is estimated using a probit or logit
regression

• Matching is based on a single propensity score instead of
multiple covariates
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Propensity Score Matching
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Figure 4.7
Propensity score matching

Rather than focusing on matching individuals based on their similarity in characteristics
X , this approach involves matching observations based on their likelihood or probability
of receiving the intervention, given their characteristics. This probability score is formally
denoted by Pr(D= 1|X ), where Pr represents probability. In impact evaluation, Pr(D= 1|X )

is commonly known as a propensity score, thus resulting in the name propensity score
matching. By adopting this approach, we can avoid the potential difficulties of finding
matches that are similar in all characteristics and instead focus on finding matches that
have a similar probability of receiving the intervention.

For instance, an employee who is 35 years old and has 12 years of education may have
a similar probability of, say, 35% to participate in the training as an employee who is 25
years old and has 16 years of education. As their probabilities are similar, we may match
these two individuals despite the age and education differences. In other words, we use the
propensity score Pr(D= 1|X ), which takes values between 0 and 1 (or 0% and 100%, as it is
a probability), as covariate to match employees in the treatment and control groups. In com-
parison to other matching approaches, propensity score matching has the advantage that the
propensity score is just a single covariate, rather than a possibly large set of the employees’
background characteristics. However, a disadvantage is that we need to measure any indi-
vidual’s propensity score in the data, which requires statistical modeling assumptions that
may not perfectly capture human behavior. Estimating propensity scores typically involves
regression methods such as probit or logit regression. Figure 4.7 illustrates how propensity
score matching works, by considering a reference observation receiving the intervention
with a propensity score of 35%. Then, we match this observation with the one in the control
group that is most similar in terms of propensity score.

Matching estimators are not the only methods available for impact evaluation that aim to
make the treatment and control groups comparable in terms of observed characteristics. We
may also use regression as introduced in chapter 3, section 3.2, if we include the covariates
X in the regression model. However, regression models can differ in their flexibility and the
restrictions they impose on human behavior, depending on how covariates are accounted
for. For instance, one restriction commonly imposed when using a linear regression is that
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Figure 4.7: Propensity score matching
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Alternative Regression Approaches

Regression as an alternative
• Regression can account for observed covariates X
• Aims to make treatment and control groups comparable

Restrictions of linear regression
• Assumes constant effect of covariates on the outcome
• Effect does not vary with the level of the covariate
• May be overly restrictive in practice

Flexible regression approaches
• Nonparametric regression allows varying covariate effects
• Less restrictive but requires larger datasets
• Choice depends on research question and available data

25
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Regression Approaches for Impact Evaluation

ATE via regression
• ATE corresponds to the average of conditional outcome
differences

• Uses regression estimates for treated and untreated outcomes
• ATE is defined as

∆ = E [E [Y | D = 1, X]− E [Y | D = 0, X]] (4.3)

ATET via regression
• Focuses on the subpopulation with intervention D = 1
• Averages conditional differences among treated units
• ATET is defined as

∆D=1 = E [E [Y | D = 1, X]− E [Y | D = 0, X] | D = 1] (4.4)
26
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Inverse Probability Weighting

Weighting based on propensity scores
• Observations are weighted using the propensity scores
• Aim: balance covariates X between treatment and control groups

Inverse probability weighting expressions
• ATE is defined as

∆ = E
[

Y · D
Pr(D = 1 | X) −

Y · (1− D)
1− Pr(D = 1 | X)

]
(4.5)

• ATET is defined as

∆D=1 = E
[

Y · D
Pr(D = 1) −

Y · (1− D) · Pr(D = 1 | X)
(1− Pr(D = 1 | X)) · Pr(D = 1)

]
(4.6)

• Pr(D = 1 | X) is the propensity score and Pr(D = 1) is the
unconditional probability to be treated
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Inverse Probability Weighting
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Intervention (D = 1)

Pr(D = 1 | X = male) = 1/5 

1/Pr(D = 1 | X = male) = 5

1-Pr(D = 1 | X = male) = 4/5 

1/(1-Pr(D = 1 | X = male)) = 5/4 

No intervention (D = 0)

Figure 4.8
Inverse probability weighting

The methodology is depicted in figure 4.8, where we consider the propensity score
Pr(D= 1|X =male), representing the likelihood of receiving the intervention if the covari-
ate gender (X ) is equal to being male. Considering that there are five males in total, with
one receiving the intervention, the probability of receiving the intervention when being
male is 1/5, formally denoted as Pr(D= 1|X =male)= 1/5. Weighting the male receiving
the intervention by the inverse of the propensity score results in 1/Pr(D= 1|X =male)=
1/(1/5)= 5. Consequently, the single male is replicated five times to correspond to the
overall number of males. Furthermore, among the five males in total, four do not receive the
intervention. Therefore, the probability of not receiving the intervention when being male is
1−Pr(D= 1|X =male)= 4/5. Weighting each of those males by the inverse of this prob-
ability yields 1/(1−Pr(D= 1|X =male))= 1/(4/5)= 5/4. Consequently, the four males
without intervention are weighted by 5/4, resulting in 5/4× 4= 5 males after reweighting.
After this process, the number of males in the treatment and control groups is equal (to five),
ensuring comparability of the groups with respect to the covariate X .

Formally, IPW identifies the ATE in the population based on the following equation:

�=E
[

Y ·D
Pr(D= 1|X )

− Y · (1−D)

1−Pr(D= 1|X )

]

. (4.5)

We may also apply IPW for measuring the ATET, based on the following expression:

�D=1 =E
[

Y ·D
Pr(D= 1)

− Y · (1−D) ·Pr(D= 1|X )

(1−Pr(D= 1|X )) ·Pr(D= 1)

]

, (4.6)

where Pr(D= 1) is the probability of receiving the intervention (or share of receivers) in
the entire population.

Compared to matching, IPW has the advantage of being computationally fast—that is,
i does not take much computer time even in large datasets. Additionally, IPW removes the
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Figure 4.8: Inverse probability weighting
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Advantages and Limitations of Inverse Probability Weighting

Advantages of inverse probability weighting
• Computationally fast even in large datasets
• No need to choose matching parameters

Limitations of inverse probability weighting
• Can be unstable when propensity scores are close to 0 or 1

Trimming and overlap
• Drop, or trim, observations with very low or high propensity
scores

• Keep only observations with sufficient overlap between groups
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Doubly Robust Estimation

Combining methods
• Combines outcome regression and inverse probability weighting
• Doubly robust approach linked to Neyman orthogonality

Doubly robust property
• Consistent if either the outcome model or the propensity scores
are correct

• Robust to minor errors in both models

Extensions to multiple and continuous treatments
• Regression, inverse probability weighting, and doubly robust
methods are applicable to multiple and/or continuous
treatments

• Require large datasets with different interventions and/or
diverse intervention values
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Doubly Robust Formulas

Doubly robust expression of the ATE

∆ =E
[
E[Y | D = 1, X]− E[Y | D = 0, X]

+
(Y− E[Y | D = 1, X]) · D

Pr(D = 1 | X) − (Y− E[Y | D = 0, X]) · (1− D)
1− Pr(D = 1 | X)

]
Doubly robust expression of the ATET

∆D=1 =E
[
(Y− E[Y | D = 0, X]) · D

Pr(D = 1)

− (Y− E[Y | D = 0, X]) · (1− D) · Pr(D = 1 | X)
(1− Pr(D = 1 | X)) · Pr(D = 1)

]
(4.7)
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