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Abstract
We propose and implement a new method to estimate treatment effects in settings where individuals need to be in a certain state (e.g. unemployment) to be
eligible for a treatment, treatments may commence at different points in time,
and the outcome of interest is realized after the individual left the initial state. An
example concerns the effect of training on earnings in subsequent employment.
Any evaluation needs to take into account that some of those who are not trained
at a certain time in unemployment will leave unemployment before training while
others will be trained later. We are interested in effects of the treatment at a certain elapsed duration compared to “no treatment at any subsequent duration”.
We prove identification under unconfoundedness and propose inverse probability
weighting estimators. A key feature is that weights given to outcome observations
of non-treated depend on the remaining time in the initial state. We study effects
of a training program for unemployed workers in Sweden. Estimates are positive
and sizeable, exceeding those obtained with common static methods. This calls
for a reappraisal of training as a tool to bring unemployed back to work.
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Introduction

Consider a setting where eligibility for a treatment requires the individual to be in a
spell in a certain state. In this initial state the date of entry into the treatment may
vary, for example because of capacity constraints on the number of treatment slots.
The duration of being in the initial state may vary as well, for example due to market
frictions. Some of those who do not enter the treatment at a certain point in time will
therefore leave the initial state before they are ever treated, while others will be treated
later but before they leave the initial state.
We are interested in outcome measures that are realized after the individual has
left the initial state. Compared to outcomes capturing the length of stay in the initial
state, the former are less sensitive to short-run institutional features and market imperfections. As a leading example, consider long-run annual earnings if the treatment is
participation in a training program during unemployment. Longer-run outcomes may
better reflect the highest attainable earnings levels. In addition to this, long-run outcomes are relevant for cost-benefits analyses. (See Section 2 for a list of other examples.)
With a sufficiently long time horizon, the long-run earnings of the treated at any
elapsed duration t are directly observable. The challenge is that the non-treated individuals at t cannot be straightforwardly used to construct an average counterfactual
outcome for the treated. Under unconfoundedness we can adjust for differences between
the two groups. However, only those who leave the initial state before treatment provide
information on no-treatment potential outcomes, and in the time periods after t some of
the non-treated will receive the treatment before they leave unemployment. Individuals
with a small probability of receiving the treatment in subsequent periods may remain
non-treated longer. Moreover, for a given period-by-period treatment probability, the
individuals with a high rate of leaving unemployment are more likely to remain nontreated. Both features (small probability of treatment in subsequent periods and high
exit rate) may influence long-run earnings. To infer the causal effect of training, these
features need to be controlled for.
We develop a novel approach to resolve this. Besides unconfoundedness we do not
impose structure on the assignment process. We establish identification and show that
our setting differs from those in other bodies of work. As it turns out, the weights given
to observations among those who are not treated after t do not only depend on observed
confounders but also on the remaining time spent in unemployment. Simulation results
confirm that an Inverse Probability Weighting (IPW) estimator is asymptotically un2

biased and that the proposed bootstrap inference works well. We generalize the results
in several ways, e.g. by allowing for selection on time-varying covariates.
In the empirical analysis we estimate the long-run earnings effects of the flagship
training program for unemployed workers in Sweden. Earlier studies concluded that
the program does not raise post-unemployment earnings (see the survey in Forslund
and Vikström, 2011), which motivated policy makers to cut down the program volume.
Extensive administrative register data cover over ten years after entry into unemployment. The estimated long-run earnings effects are persistently significantly positive and
sizeable, exceeding those obtained by using traditional methods.1 This calls the view
that such programs are rather ineffective into question, and suggests that there is scope
for a reappraisal of training.
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Model

2.1

Potential outcomes framework and observational rule

We let the time clock start at the moment of entry into the initial (or eligibility) state.
The duration until the start of the treatment and the duration spent in the initial state
are denoted by Ts and Tu , respectively, each with possible values 1, 2, 3, . . .. Ts is only
observed if Ts ≤ Tu . If the individual leaves the initial state before Ts is realized then
eligibility is lost and Ts will not be known. Throughout most of the paper we consider
effects on a long-run (or final) outcome Y that is realized after individuals left the
initial state and that is observable for all individuals. Thus, in the baseline setting we
always observe Tu and Y whereas Ts is only realized and observed if it does not exceed
Tu .
In the leading example, the treatment is participation in a training program, the
initial state is unemployment, and the final outcome is annual earnings many years later.
However, the setting applies to many other cases. In modern economies, individuals in
conditions deemed unfavorable often qualify for subsidized treatments that are intended
to kick-start the transition out of the unfavorable state and support the individual
on an upward-sloping trajectory afterwards. Cost considerations may cause the time
1

Essentially, the static methods ignore that many non-treated individuals have short unemployment
durations, and those individuals tend to have more favorable personal characteristics. The ranking of
estimated effect sizes across methods is not universal across applications but depends on covariate
values and on covariate effects on the conditional probabilities of leaving the initial state at different
elapsed durations.
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until entry into treatment to vary randomly at the individual level and this may lead
to a situation where some individuals move out of unfavorable conditions before any
treatment. Concrete examples include integration programs for immigrants, general
education programs for homemakers and cognitive-behavioral therapies for depressed
individuals. The latter can be generalized to the usage of a particular medication while
having a certain illness. In that case, the eligibility period is the duration of the illness
during which the medication is prescribed. In demographic applications, fertility is an
obvious example of an eligibility state. Fertility treatments or adoption opportunities
may only be allowed before an adult has a child. Note that even if a policy or treatment
is only intended to reduce the time in a certain state, a comprehensive policy evaluation
should consider longer-run effects as these influence the ultimate costs and benefits.
We now introduce potential outcomes, following Rubin (1974). Assignment of an
individual to a treatment starting date ts leads to a potential time in the initial state
Tu (ts ) and to a potential outcome Y (ts ). Thus, Tu (∞) and Y (∞) capture the potential
duration and the potential final outcome if the individual is assigned to be “never
treated”. In practice, infinity may be replaced by an upper bound on the eligibility
interval length.
This setup does allow for indirect effects from ts via Tu (ts ) to Y (ts ).2 We do not
attempt to separate these out. Thus we examine the over-all comprehensive effect on
Y regardless of the pathway. This is why the potential outcomes are indexed only by
ts and not by tu .
We take time to be discrete, and assume that, within each time period t with Ts ≥ t,
the binary event governing whether Ts = t vs. Ts > t is realized before the binary event
governing whether Tu = t vs. Tu > t.
We adopt a “no anticipation” assumption to rule out that a future treatment assignment date affects relevant current events. Specifically, for any given individual,
Assumption 1 (No anticipation).
P (Tu (t0 ) = t) = P (Tu (t00 ) = t) ,
Y (t0 ) = Y (t00 ),

∀t < min(t0 , t00 ), and

∀ Tu (t0 ) = Tu (t00 ) < min(t0 , t00 ).

2

In the leading example, the direct effect may capture that training improves the participants’
human capital and ensuing labor earnings Y , while the indirect effect may capture that training
speeds up exit out of unemployment and employers use the realized unemployment duration as a
signal of worker quality and hence pay higher earnings Y to trained workers.
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The first part rules out that the timing of a future treatment affects the current probability of leaving the initial state (Abbring and Van den Berg, 2003). The second part
rules out that the potential outcomes Y (ts ) are affected by behavior before ts that is
driven by the future treatment date ts , even if this behavior is of no consequence for
the moment of leaving the eligibility state before ts . In particular, in the eligibility
state, it is ruled out that private knowledge of the future moment of treatment affects
the long-run outcome even in cases where time in the eligibility state is not affected. 3
Taken together, the assumption ensures that individual outcomes do not vary with the
moment of treatment as long as the treatment is not realized.
For derivations in later sections it is useful to point out that the first part of the
assumption implies that P (Tu (ts ) = t) = P (Tu (∞) = t), ∀t < ts . As we shall see, this
allows us at times to replace the conditioning on survival of Tu (ts ) at elapsed durations
up to ts by conditioning on survival of Tu (∞) at such elapsed durations.
By Assumption 1 we have the following observational rule for Y
Y =

Tu
X

[I(Ts = t)Y (t)] + I(Ts > Tu )Y (∞),

(1)

t=1

where I() is the indicator function. The first part of the right-hand side states that
if the individual is treated before leaving the initial state, then we observe the longrun potential outcome corresponding to the actually observed time to treatment. The
second part states that if an individual exits the initial state without having been
treated then the observed outcome is the outcome corresponding to the assignment
“never treated”.
Accordingly, the observed outcomes at the individual level can be expressed as:
Tu , Ts · I(Ts ≤ Tu ), Y (Ts ) · I(Ts ≤ Tu ), Y (∞) · I(Ts > Tu ).

2.2

The dynamic evaluation challenge

Our prime object of interest is the average treatment effect of ts on Y among those
who are actually treated at ts
ATET(ts ) = E(Y (ts ) − Y (∞) | Ts = ts , Tu (ts ) ≥ ts ),

(2)

3
The second part of Assumption 1 only considers Tu (t0 ) = Tu (t00 ) because if Tu (t0 ) 6= Tu (t00 ) then
a difference in the long-run outcomes Y (t0 ) and Y (t00 ) may be ascribed to an effect of Tu on Y .
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This contrasts a treatment start at ts with the assignment to be “never treated”.4
The first component of the expression for ATET(ts ) is identified from a random
sample of observed outcomes Y of those treated at time Ts :
E(Y (ts )|Ts = ts , Tu (ts ) ≥ ts ) = E(Y |Ts = ts , Tu ≥ ts ).

(3)

The evaluation challenge originates from the second component of ATET(ts ), that is,
the counterfactual outcome E(Y (∞)|Ts = ts , Tu (ts ) ≥ ts ). The observational rule in
(1) illustrates the main issues. First of all, it is clear that only non-treated individuals, i.e. individuals with Ts > Tu , can be informative on the counterfactual outcome
under never treatment. Individuals who are not treated at ts but are treated later are
not informative on the counterfactual outcome under never treatment. After all, since
they are ultimately treated, their observed final outcome Y corresponds to a potential
outcome under a treatment.
Now, the potential control group of non-treated, defined by Ts > Tu ≥ ts , in general
constitutes a selective sample. It depends on the survival times Tu (i.e., on an intermediate outcome which may affect the outcome of interest), since the probability of
treatment enrollment by construction increases with the time in the initial state. Thus,
for a given period-by-period treatment probability, individuals with longer unemployment durations are less likely to remain non-treated. This arises purely because of the
dynamic nature of the treatment assignment. To phrase this differently, individuals
with relatively short durations after a treatment at ts are overrepresented in the group
of non-treated. Thus, even if we assume that treatment assignment is unconfounded,
treatment assignments in subsequent time periods cause the group of non-treated to
be systematically different.
4

The focus on ATET is motivated by the policy relevance of ATET and is in line with the prominence of ATET in the economic evaluation literature on which we build. Below we discuss the aggregation of ATET(ts ) into ATET. An alternative object of interest is the average treatment effect of t s
on Y among all those who, if they were assigned to ts , would still be in the initial state at that time
ts . We refer to this as ATE(ts ) := E(Y (ts ) − Y (∞) | Tu (ts ) ≥ ts ) and discuss results on this in the
online Appendix B.2.
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3

A dynamic evaluation approach

3.1

Sequential unconfoundedness

We consider time-invariant covariates (observed individual characteristics) X and later
extend to cases with time-varying covariates. Our key identifying assumption is that in
each period the treatment assignment is random among the not-yet-treated survivors,
conditional on X. This can be called a sequential unconfoundedness assumption. Formally, let the binary indicator Pt := 1 iff Ts = t. Then:5,6
Assumption 2 (Sequential unconfoundedness). For all t,
Pt ⊥Y (∞) | X, Ts ≥ t, Tu (∞) ≥ t.
The above assumption is implied by a dynamic version of Rosenbaum and Rubin
(1983)’s ignorable assignment or unconfoundedness assumption,
Assumption 3 (Unconfoundedness).
Ts ⊥Y (∞) | X.
Imbens (2000), in his study on multi-valued treatments under unconfoundedness,
weakens Rosenbaum and Rubin (1983)’s assumption to pairwise independence of the
treatment, at any possible treatment value t, from the corresponding potential outcome
conditional on covariates. This resembles the relaxation from Assumption 3 to 2. In
each approach, this paves the way for the use of separate propensity scores by each
t. However, due to the dynamic nature of our framework, we need to condition on
being in the initial state and we need to deal with eligibility after t of those not yet
treated at t, so that the inferential method developed in Imbens (2000) is not suitable
here. Subsection 3.4 contains additional discussion on differences with approaches in
the literature.
(Sequential) unconfoundedness is plausible for some applications but not for others. In the case of training programs for unemployed workers, the argument has been
5

For the ATE(ts ) discussed in online Appendix B.2 we need conditional independence of P t from
both Y (t) and Y (∞).
6
At first sight the special role of Tu (∞) in the conditioning set may seem puzzling. However, by
virtue of Assumption 1, for any treatment assignment date ts > t, the conditioning on Tu (ts ) ≥ t is
equivalent to the conditioning on Tu (∞) ≥ t. Indeed, we may replace Tu (∞) ≥ t at no cost by Tu ≥ t
although this expresses the assumption in terms of an intermediate outcome.
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made that caseworkers determine the assignment and that the register data used in
the analysis includes the information used by the caseworkers when deciding on the
assignment. In general, unconfoundedness seems more likely if the data include measures of individual motivation, non-cognitive abilities and other personality traits that
may affect treatment assignment as well as outcomes, or if the data contain markers of
those traits, such as variables describing past choices and outcomes. However, depending on the context and the data, it is possible that caseworkers may select individuals
based on characteristics of the latter that we do not observe and cannot capture by
other observed indicators, so caseworker selection alone is not sufficient to justify the
unconfoundedness assumption. Similarly, workers may aim to schedule their entry into
training while taking account of outcome determinants that we do not observe. 7
As usual with evaluation methods, we impose a “common support” condition: for
all t and X, Pr(Pt = 1|Ts ≥ t, Tu ≥ t, X) < 1. The usual SUTVA condition also needs
to hold, ruling out various types of interference between the units in the sample (see,
e.g., Wooldridge, 2010). For expositional convenience, we do not refer to these two
conditions in most of the exposition.

3.2

The gist of the approach in a simple setting

This subsection describes the gist of our method in a simplified setting with two periods
in which the treatment can take place whereas no treatments can occur thereafter. We
consider the effect of treatment in the first period, ATET(1) = E(Y (1) − Y (∞) | T s =
1).8
Note that E(Y (1)|Ts = 1) = E(Y |Ts = 1) follows directly from the observational
rule. We now show that E(Y (∞)|Ts = 1) is identified as well. If we condition on X
then, by Assumption 2, the treated and non-treated are comparable:
E(Y (∞)|Ts = 1, X) = E(Y (∞)|Ts > 1, X).
7

(4)

Note that our assumptions do not rule out that time in the initial state and the long-run outcome
are affected by shared unobserved confounders.
8
Note that for the effect of a treatment in the first period there is no need to condition on survival.
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By the law of iterated expectations
E(Y (∞)|Ts > 1, X) =

(5)

Pr(Tu = 1|Ts > 1, X)E(Y (∞)|Ts > 1, Tu = 1, X) +
Pr(Tu > 1|Ts > 1, X)E(Y (∞)|Ts > 1, Tu > 1, X).
That is, the counterfactual outcome under never treatment is decomposed into average
outcomes for individuals with Tu = 1 and with Tu > 1. Note that probabilities Pr(Tu =
1|Ts > 1, X) and Pr(Tu > 1|Ts > 1, X) are observed.
Next, the group with Tu = 1 in (5) consists of non-treated individuals who exit
directly in period 1. For this group, the observational rule in (1) and Assumption 1
give
E(Y (∞)|Ts > 1, Tu = 1, X) = E(Y |Ts > 1, Tu = 1, X).

(6)

This follows since for non-treated individuals with Ts > Tu , the observed long-run
outcome Y equals the non-treated long-run potential outcome Y (∞).
For the group with Tu > 1, in (5), i.e., those who survive at least one additional
time period, we have by Assumption 2:
E(Y (∞)|Ts > 1, Tu > 1, X) = E(Y (∞)|Ts > 2, Tu > 1, X),

(7)

i.e. among the non-treated survivors, conditional on X, those who become treated in
period 2 are comparable to those who remain non-treated. Here we use that Assumption
1 justifies the replacement of Tu (∞) > 1 by Tu > 1 when invoking Assumption 2
(recall the previous subsection). Next, since there are no treatments after period 2 and
under no-anticipation, those with Ts > 2 remain non-treated, so that for this group
the observed long-run outcome Y equals the non-treated long-run potential outcome,
Y (∞):
E(Y (∞)|Ts > 2, Tu > 1, X) = E(Y |Ts > 2, Tu > 1, X).
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(8)

Then, by (4)-(8) we have
E(Y (∞)|Ts = 1, X) =

(9)

Pr(Tu = 1|Ts > 1, X)E(Y |Ts > 1, Tu = 1, X) +
Pr(Tu > 1|Ts > 1, X)E(Y |Ts > 2, Tu > 1, X).
That is, the long-run outcomes for non-treated units with Tu = 1 and Tu > 1 are
weighted in a specific way, based on the exit probabilities Pr(Tu = 1|Ts > 1, X), and
this allows us to recover the long-run outcome under no treatment. In particular, this
deals with the fact that some of the non-treated become treated in the second period.

3.3

Identification in the general case

In Appendix A of the paper we generalize the above derivations to the general case by
proving the following theorem,
Theorem 1 (ATET). If Assumptions 1 and 2 hold then
ATET(ts ) = E(Y |Ts = ts , Tu ≥ ts )−
EX|Ts =ts ,Tu ≥ts

"T max
u
X
k=ts

h(k, X)

" k−1
Y

m=ts

#

#

[1 − h(m, X)] E(Y |Ts > k, Tu = k, X) ,

where
h(t, X) = Pr(Tu = t|Ts > t, Tu ≥ t, X)
and where Tumax is maximum possible time in the initial state, and we apply the notation
Qts −1
m=ts ... = 1. In sum, the non-treated group (consisting of individuals leaving the
initial state before becoming treated or actually never would have become treated) can
be used to identify the counterfactual outcome for those treated after a certain elapsed
duration. Theorem 1 shows that this is achieved by giving individuals leaving the initial
state a differential weight depending on the duration in that state.
ATET(ts ) can be aggregated over the distribution of Ts among those with a realized
treatment (so with Tu ≥ Ts ) in order to identify an over-all average effect of the program
for the population of treated over all possible ts . Specifically, ATET = ETs [E(Y (ts ) −
Y (∞) | Ts = ts , Tu (ts ) ≥ ts )] where the outer expectation is taken over the distribution
10

of Ts |Tu ≥ Ts .

3.4

Relation to approaches in the literature

In biostatistics, Robins and co-authors have developed a methodology for dynamic
evaluation based on sequential unconfoundedness (see Robins and Hernán, 2009, and
Hernán and Robins, 2020, for extensive overviews). This aims to compare dynamic
regimes g covering a time period with length K and characterized by a sequence of
treatments or exposures a(t) that may vary over time t. In a given regime, the value
of a(t) may depend on treatments in previous periods and on current and previous
values of observed time-varying covariates L(t). The latter may depend on its previous
values and on previous exposures as well as on unobserved confounders. In common
applications, a(t) denotes the dosage of a medication provided at time t and L(t) is
a biomarker capturing the current health status of the patient. The key objects of
interest are the ATE that compare potential outcomes Yg across two regimes g 0 and g 00 ,
that is, E(Yg0 ) − E(Yg00 ). The ATET is not considered because there is no single regime
that is promoted as the benchmark regime over and above other treatment regimes.
An assumption similar to common support assumptions states that for every possible
history of covariates and past treatments, each current treatment exposure value has
a positive probability density of being attained in the data. A natural interpretation
is that, in real-life data, for any given history up to t, some patients will receive a
medication at t and others will not.
We consider the non-parametric setting closest to ours, i.e., with continuous outcomes Y that are realized and observed for every subject at time K (Robins and
Hernán, 2009, Chapter 23). In this setting we may define regimes g by the first point
in time ts at which a treatment is given. However, this does not lend itself to inclusion
of an eligibility state. Among individuals with a history stipulating that they leave an
eligibility state at ts − 1 and never entered treatment before or at ts − 1, we can rule
out with probability one that they will begin the treatment at ts , which violates their
version of the common support assumption. Indeed, their ATE is not identified in our
approach. The literature by Robins and co-authors does not discuss eligibility states.
In medical applications, a setting where a treatment can be switched on or off in any
period is often more reasonable.9
9

To further push for formal equivalence, one may introduce ad hoc restrictions on the set of possible
regimes g. For this, one may include the duration in the eligibility state T u in the time-varying covari-
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Approaches by Robins and co-authors have been adopted in economics by Lechner
(2009) and Lechner and Miquel (2010). Here, the treatment in a certain period may
depend on current values of intermediate outcomes, and covariates and treatments
are essentially observed for all units in all periods. In their innovative application to
active labor market policies, Lechner and Wiehler (2013) compare different sequences
of program participation (exposure) and unemployment before eligibility loss comes
into play, and they examine if the timing of the exposure within the sequence matters.
This approach warrants groups with different types of sequences to have a similar
total sequence length, which is pointed out and discussed carefully by Lechner and
Wiehler (2013). In our terminology, this involves conditioning on remaining in the
eligibility state for a certain amount of time, which is not compatible with our setting.
The Lechner and Wiehler (2013) approach is attractive when evaluating sequences of
different types of treatments if the main interest is in the comparison of sequences
before eligibility loss comes into play.10

3.5

Estimation

The identification results suggest estimators of the ATETs. In the online Appendix B.1
it is shown that if Assumptions 1 and 2 hold, then an unbiased estimator of ATET(t s )
is:
\ s) =
ATET(t

P

i∈Ts,i >Tu,i ≥ts

1
π(ts )Nts

X

i∈Ts,i =ts ,Tu,i ≥ts

X
1
wts (Tu,i , Xi ) i∈T >T
s,i

Yi −

(10)

wts (Tu,i , Xi )Yi ,

u,i ≥ts

ates L(t) and impose that the only possible regimes are those where the treatment cannot begin if T u
has already been realized. However, this subsequently requires a number of non-trivial changes in the
model framework and in the end leads to an alternative framework (details available upon request).
Robins and co-authors have not considered settings where the set of all possible regimes is restricted
in such a way. Again, this is reflected in a discrepancy in terms of the ATE objects of interest. Even
if we take t00s = ∞, the ATE as defined by Robins and co-authors is smaller in absolute value than
ours because the former includes the (zero) contributions by individuals who leave the eligibility state
before treatment in each of the two regimes considered.
10
As an alternative approach, Lechner (1999, 2002) and Lechner et al. (2011) developed the “hypothetical treatment durations” method of inference, where hypothetical treatment dates are generated
for each non-treated individual, and the actual and hypothetical treatment dates are used as covariates
in the propensity score.
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where Nt is the number of non-treated survivors at the beginning of t and π(t) =
Pr(Ts = t|Ts ≥ t, Tu ≥ t) while the weights w ts (., .) are specified as
wts (tu , X) =

p(ts , X)
1
· Qtu
1 − p(ts , X)
m=ts+1 [1 − p(m, X)]

(11)

p(t, X) = Pr(Ts = t|Ts ≥ t, Tu ≥ t, X).

These weights w ts (., .) are replaced by estimated weights containing estimates of the
treatment probabilities (propensity scores) p(., .) which also estimate π(.). This follows
the ideas of Horovitz and Thompson (1952) and weighs the outcome responses of the
treated and non-treated toward the target population.11
Note that in the estimator, only non-treated individuals provide information about
the counterfactual outcome under never treatment for those treated at ts . The term
p(ts , Xi )/(1 − p(ts , Xi )) in the weights follows IPW estimators in the static evaluation
literature (e.g., Wooldridge, 2010), and adjusts for covariate differences between the
treated ts and those still waiting for treatment at ts . The second term in the weights
corrects for the fact that some non-treated at ts start treatment at ts + 1, . . ., with
individuals with a high treatment probability and/or a high likelihood of remaining in
the initial state for a long time being less likely to remain non-treated. This is reflected
in the weights depending on both the observed characteristics and the time in the
initial state. After estimation of the ATET(ts ), the over-all average effect ATET can
be estimated using the ATET expression as identified in Subsection 3.3.
Bootstrapping is one way to obtain standard errors. A simulation study in the online
Appendix C shows that the bias of our estimator is virtually zero in all simulations,
that the bootstrap estimator for the standard errors has the correct size, and that the
estimated standard error decreases by roughly 50% when the sample size is increased
√
by a factor four (suggesting that the estimator is N -convergent). As expected, a static
IPW estimator is biased, and the bias is increasing in the share of treated.
11

It is well known that IPW estimation may be sensitive to extreme values of the propensity scores,
since single observations may receive a high weight (see e.g., Frölich 2004, Huber et al. 2013, Busso
et al. 2014). One way to overcome this problem is trimming. The three-step trimming approach by
Huber et al. (2013) can be applied to our estimator; note that in our case the weights are a function
of several propensity scores.
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4
4.1

Extensions
Time-varying covariates

This section discusses extensions that are often empirically relevant. For sake of brevity,
some details and derivations are relegated to the online Appendix B. In the first extension, we allow for selection on time-varying observed covariates. This allows the start
of the treatment to depend on characteristics that change during the spell in the initial
state. We use the notation Xt− for the observed covariates at t, where t− indicates that
X is measured at least slightly before t. This rules out effects of the treatment in period
t on X. The sequential unconfoundedness assumption now is:
Assumption 4 (Sequential unconfoundedness with time-varying covariates). For all
t,
Pt ⊥Y (∞) | Xt− , Ts ≥ t, Tu (∞) ≥ t.
By analogy to Assumption 1, we also require a “no-anticipation” assumption regarding future changes in the time-varying covariates. Similarly, future treatments and
outcomes are not allowed to affect current covariates.
To identify the counterfactual outcome E(Y (∞)|Ts = ts , Tu (ts ) ≥ ts ), we can use
similar reasoning as in Section 3. The main difference is that we now first average over
Xt−s , then over Xt−s +1 and so on. We obtain
Theorem 2 (ATET with time-varying covariates). If Assumption 4 and no-anticipation
hold then
ATET(ts ) = E(Y |Ts = ts , Tu ≥ ts )−
[EXt− |Ts =ts ,Tu ≥ts [h(Xt−s )E(Y |Ts > ts , Tu = ts , Xt−s )+
s

[1 − h(Xt−s )]EXt− +1 |Ts >ts ,Tu >ts ,Xt− [h(Xt−s +1 )E(Y |Ts > ts + 1, Tu = ts + 1, Xt−s +1 )+
s

s

[1−h(Xt−s+1 )]EXt− +2 |Ts >ts +1,Tu >ts +1,Xt− +1 [h(Xt−s+2 )E(Y |Ts > ts +2, Tu = ts +2, Xt−s +2 )+. . . +
s

s

[1 − h(XT−umax −1 )]EX −max |Ts >Tumax −1,Tu >Tumax −1,X −max [h(XT−umax ) ×
Tu

Tu

E(Y |Ts >

Tumax , Tu

=

Tumax , XT−umax )] . . . ]]]].
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−1

where
h(Xt− ) = Pr(Tu = t|Ts > t, Tu ≥ t, Xt− ).
Proof See online Appendix B.3.
Corresponding estimators are also discussed in online Appendix B.3.

4.2

Right-censored durations

We now allow for right-censoring of the durations Tu in the initial state. Let Tc denote
the time until the unit is right-censored. We assume that right-censoring can only take
place in the initial state. At any point in time t in the initial state, we take censoring to
be realized before any other event at t.12,13 If Tc = t, any treatment realizations at t and
after t are unobserved. Also, the long-run outcome is assumed to be unobserved if the
unit is right-censored. This introduces another selection problem because the durations
of certain types of individuals may be censored at a higher rate. Since both treated and
non-treated durations can be censored, this problem occurs for both non-treated and
treated units.
Let the binary indicator Ct := 1 iff Tc = t. As usual with right-censoring, we assume
unconfoundedness of the censoring process,
Assumption 5 (Right-censored process). For all t,
Ct ⊥Y (t), Y (∞) | X, Ts ≥ t, Tc ≥ t, Tu (∞) ≥ t.
Using similar reasoning as above we can handle the selection due to both the treatment assignment and the right-censoring processes. We arrive at Theorem 3 (with
results on estimators in online Appendix B.4),
Theorem 3 (ATET with right-censored durations). If Assumptions 1, 2 and 5 hold
12

That is, the binary event governing whether Tc = t vs. Tc > t is realized before the binary events
governing whether Ts = t vs. Ts > t and Tu = t vs. Tu > t.
13
Since the realization of the right-censoring outcome is the first event within each period, technically
we now have the following average treatment effect of ts on Y among those who are actually treated
at ts : ATET(ts ) = E(Y (ts ) − Y (∞) | Ts = ts , Tc > ts , Tu (ts ) ≥ ts ).
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then
ATET(ts ) =
EX|Ts =ts ,Tc >ts ,Tu ≥ts

"T max
u
X

EX|Ts =ts ,Tc >ts ,Tu ≥ts

"T max
u
X

hc1 (t, X, ts )

" k−1
Y

m=ts

k=ts

hc (k, X)

k=ts

" k−1
Y

m=ts

#

#

[1 − hc1 (t, X, ts )] E(Y |Ts = ts , Tc > k, Tu = k, X) −
#

#

[1 − hc (m, X)] E(Y |Ts > k, Tc > k, Tu = k, X) .

where
hc1 (t, X, ts ) = Pr(Tu = t | Ts = ts , Tc > t, Tu ≥ t, X).
hc (t, X) = Pr(Tu = t | Ts > t, Tc > t, Tu ≥ t, X).
Proof See online Appendix B.4.

4.3

Short-run outcomes

So far we have considered a long-run outcome realized after the units left the initial
state. We now consider effects on shorter-run outcomes. Define Yt as the observed
outcome at the point in time t (relative to the moment of entry into the initial state).
The corresponding potential outcomes are denoted by Yt (ts ). Here, the object of interest
is the average effect of treatment at ts on the outcome at points in time ts + τ (i.e., τ
periods after the start of the treatment) among the treated at ts :
ATET(ts , τ ) = E(Yts +τ (ts ) − Yts +τ (∞)|Ts = ts , Tu (ts ) ≥ ts ).

(12)

In our leading example, this may be the effect on earnings at a certain number of
periods (e.g., quarters) after the start of the training.
P
The observation rule is: Yt = tm=1 [I(Ts = m)Yt (m)] + I(Ts > min(Tu , t))Yt (∞).
Thus, if the individual is treated before t then we observe the potential outcome corresponding to the actually observed moment at which the treatment starts, but if the
individual left the initial state before t without having been treated or if the individual
is treated after t, then the observed outcome at t is the outcome corresponding to the
assignment “never treated”. Note that Yt may be realized before leaving the initial
state, i.e. before Tu is realized. Hence, we need some additional assumptions regarding
16

no-anticipation. Without going into detail, we argue in online Appendix B.5 that under
suitable assumptions, ATET(ts , τ ) is identified by
ATET(ts , τ ) = E(Yts +τ |Ts = ts , Tu ≥ ts )−
EX|Ts =ts ,Tu ≥ts [

tX
s +τ

h(k, X)

m=ts

k=ts

" t +τ
s
Y

m=ts

" k−1
Y

#

[1 − h(m, X)] E(Y |Ts > k, Tu = k, X)−

#

[1 − h(m, X)] E(Yts +τ |Ts > ts + τ, Tu > ts + τ, X)],

where
h(t, X) = Pr(Tu = t|Ts > t, Tu ≥ t, X).
Estimators are discussed in online Appendix B.5.

5

Long-run effects of Swedish training programs

The Swedish training program called AMU aims to improve the skills of unemployed
workers. The training courses are directed towards the upgrading of skills that are in
short supply or that are expected to be in short supply. While the training program is for
unemployed workers, it is important to know if training affects earnings in the long run.
For participants, the long-run earnings under no treatment are unobserved, and under
unconfoundedness the treated and the not-yet treated at t are comparable. However,
since training may start at any point during the unemployment spell, some non-treated
receive treatment in subsequent periods. This creates the dynamic evaluation problem
studied in our paper.
Several register-based datasets are used in the analysis. From the Swedish employment office registers, we observe day-by-day information on unemployment status and
participation in training as well as personal characteristics and information on the
unemployment history. Additional background characteristics are obtained from an annual population register.14 The population register also includes information on labor
14

Jointly, these registers include gender, age, marital status, number of children by age bracket, level
of education, region of residence, UI entitlement, job search area, and a detailed unemployment and
labor earnings history. See Table D.1 in online Appendix D for variables and sample statistics for the
treated and non-treated.
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earnings (all cash compensation paid by employers, consumer price adjusted) for any
calendar year.
For the estimation we aggregate the daily data into monthly intervals. We sample all
unemployment spells that start in the period 1995–1998, and focus on unemployed individuals aged 25–55 at the time, with no immediate previous unemployment record.15
We consider the effect of the first training program during the first unemployment spell
that the individual experiences. All propensity scores are estimated using logistic regression models and standard errors are obtained by bootstrapping (500 replications). 16
The analysis sample includes 792,580 unemployment spells of which 57,033 (7.2%) include a participation in the training program (Table D.1).
The evaluation approach rests on the unconfoundedness assumption. In the AMU
program, the timing of entry into training is primarily determined by the caseworker
(see Richardson and Van den Berg, 2013, for details on the assignment process). The
administrative information that caseworkers have at their disposal concerning clients
corresponds to the variables in our register data. Unobserved personality traits may
be captured by features of the individual’s past labor market history. At the individual level, residual randomness in the start date of treatments is created by scheduling
vacation in courses due to demand- and supply-driven capacity constraints.17 Our selection of covariates relies on the evidence in previous studies that have examined the
relevance of various types of covariates in propensity scores for active labor market program participation. Notably, Heckman et al. (1998, 1999), Lechner and Wunsch (2013)
and Biewen et al. (2014) stress that it is important to control for previous unemployment, lagged earnings, and local labor market conditions. We also control for various
socio-economic characteristics.
The main ATET estimation results are presented in Table 1. In particular, Column
2 reports the key results using our dynamic estimator. We find sizable positive long-run
ATET effects on yearly labor earnings. For instance, five years after the year of entry
into the training program, the estimated average long-run effect is 6470 SEK which, in
15

Specifically, no unemployment within 180 days before the unemployment spell. The age restrictions
are imposed because the benefits entitlement rules and active labor market policy programs were
different for persons aged below 25 or above 55 during the period studied here.
16
We explore common support restrictions using a variant of the three-step approach in Huber et
al. (2013). We set an upper bound on the weight given to the outcome of any given individual (1%)
but obtain similar results as in the unrestricted case.
17
Effects of anticipation of Ts on unemployment exit are unlikely to be relevant, as the assignment
and the actual start date are very close in time and the latter is not determined a long time in advance;
see Richardson and Van den Berg (2013) for details.
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that year, is 4.9% of the average annual earnings among those who were treated. The
effect is highly persistent as we further increase the long-run time horizon. Nine years
after the year of entry into training, the estimated effect equals 5900 SEK.18 All the
average effects are significant at the 1% level for any number of years after entry into
training.
We may contrast this to results based on a static IPW approach which uses the
following estimator,
δStatic IP W

N
N
1 X
1 X
=
Wi Yi −
n1 i=1
n0 i=1

N
1 X ê(xi )(1 − Wi )
n0 i=1 1 − ê(xi )

!−1

ê(xi )(1 − Wi )Yi
, (13)
1 − ê(xi )

where Wi is a binary treatment indicator for individual i and ê(Xi ) is the estimated
score for the probability that Wi = 1. Furthermore, n1 and n0 are the numbers of treated
and non-treated observations, respectively, and N = n0 + n1 . In this static setting, we
take W = 1 if training is obtained within the first 12 months in unemployment.
The results based on the static approach are in Column 1. We see striking differences
with the results based on the dynamic approach. The static approach suggests large
negative effects of training, which would plausibly lead to different policy implications.
Since the static approach approach does not adjust for differences in pre-treatment
durations, its control group includes too many short-term unemployed workers. This
leads to substantial downward bias, as short-term unemployed workers tend to have
more favorable characteristics.19

6

Conclusions

This paper presents new identification results and proposes new estimators for treatment evaluations based on unconfoundedness assumptions in a dynamic setting. In the
application, we estimate the long-run earnings effects of a flagship training program
for unemployed workers in Sweden. Traditional static evaluation approaches lead to
estimates with a negative sign. However, using our new approach, we find the effects to
18

This uses the estimator of Subsection 3.5. For illustrative purposes we also display estimates for
relatively low numbers of years after entry into training, where we apply the same estimator though
a non-negligible fraction of individuals has not left unemployment then yet.
19
Average earnings five years after entry into unemployment are about SEK 185,000 for the previously short-term unemployed (less than four months of unemployment) and SEK 129,000 for the
previously long-term unemployed (more than 12 months of unemployment).
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Table 1: ATET effects of Swedish AMU training on earnings, and comparison of estimators

Program entry year + 3
Program entry year + 4
Program entry year + 5
Program entry year + 6
Program entry year + 7
Program entry year + 8
Program entry year + 9

Static IPW
[1]

Dynamic IPW
[2]

Difference
[3]:=[2]-[1]

-3.68
(0.45)
-4.45
(0.48)
-5.63
(0.51)
-6.37
(0.54)
-7.24
(0.54)
-7.44
(0.55)
-7.46
(0.58)

8.88
(1.08)
7.65
(0.97)
6.47
(0.89)
5.19
(0.80)
4.91
(0.80)
5.23
(0.87)
5.90
(0.98)

12.56
(1.17)
12.11
(1.08)
12.10
(1.02)
11.56
(0.96)
12.15
(0.96)
12.67
(1.03)
13.36
(1.14)

Note: Outcome: labor earnings in 1000 SEK. “Dynamic IPW” is the dynamic IPW estimator introduced in this paper. “Static IPW” is a standard static IPW estimator with normalized weights.
Bootstrapped standard errors (500 replications).

be significantly positive. Taking the dynamic treatment assignment into account thus
turns out to be empirically important. Indeed, for reasonable values of the discount
rate, our results lead to a reassessment of the net over-all benefits of the program.
This is interesting in the light of the literature and policy debates which seem to
have agreed on a consensus that training programs are ineffective (see surveys by e.g.
Heckman, LaLonde and Smith, 1999, and Crépon and Van den Berg, 2016). Much of the
evidence was based on short-run observed outcomes and/or methodologies that could
not appropriately deal with the dynamic assigment of training. Our results support a
reappraisal of training.
The analyses in this paper do not explicitly distinguish between the direct causal
effect of the treatment and an indirect effect that may run through the length of stay
in the initial eligibility state. Often one would expect the former to dominate in the
longer run. However, we view it as an interesting topic for further research to develop a
formal statistical framework for mediation analysis that distinguishes between the two
channels.
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Appendix A. Identification in the general case
We first rewrite the counterfactual outcome using Assumption 1,
E(Y (∞) | Ts = ts , Tu (ts ) ≥ ts ) = E(Y (∞) | Ts = ts , Tu (∞) ≥ ts ).

(A.1)

Next, we condition on X and apply Assumption 2 for period ts :
E(Y (∞) | Ts = ts , Tu (∞) ≥ ts , X) = E(Y (∞) | Ts > ts , Tu (∞) ≥ ts , X).

(A.2)

Then, by the law of iterated expectations
E(Y (∞) | Ts > ts , Tu (∞) ≥ ts , X) =

(A.3)

Pr(Tu = ts |Ts > ts , Tu (∞) ≥ ts , X)E(Y (∞)|Ts > ts , Tu (∞) = ts , X)+
Pr(Tu > ts |Ts > ts , Tu (∞) ≥ ts , X)E(Y (∞)|Ts > ts , Tu (∞) > ts , X).
That is, the counterfactual outcome under “never treatment” can be decomposed into average
outcomes for individuals with Tu = ts and for individuals with Tu > ts . The former, with
Tu = ts , in (A.3) are non-treated individuals who leave the initial state directly in period t s .
For this group, the observational rule in (1) and Assumption 1 give
E(Y (∞)|Ts > ts , Tu (∞) = ts , X) = E(Y |Ts > ts , Tu = ts , X).

(A.4)

Also, note that the treatment probabilities Pr(Tu = ts |Ts > ts , Tu (∞) ≥ ts , X) = Pr(Tu =

ts |Ts > ts , Tu ≥ ts , X) and Pr(Tu > ts |Ts > ts , Tu (∞) ≥ ts , X) = Pr(Tu > ts |Ts > ts , Tu ≥

ts , X) are observed.

For the other group, with Tu > ts , in (A.3), i.e., for those who survive at least one
additional time period, we have
E(Y (∞)|Ts > ts , Tu (∞) > ts , X) = E(Y (∞)|Ts > ts + 1, Tu (∞) > ts , X) =
E(Y (∞)|Ts > ts + 1, Tu (∞) ≥ ts + 1, X),
where the first equality follows from Assumption 2 for period ts + 1, and the second equality
from re-writing. Next, using (A.3) by replacing ts with ts + 1 we have
E(Y (∞) | Ts > ts + 1, Tu (∞) ≥ ts + 1, X) =
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(A.5)

Pr(Tu = ts + 1|Ts > ts + 1, Tu (∞) ≥ ts + 1, X)E(Y (∞)|Ts > ts + 1, Tu (∞) = ts + 1, X) +
Pr(Tu > ts + 1|Ts > ts + 1, Tu (∞) ≥ ts + 1, X)E(Y (∞)|Ts > ts + 1, Tu (∞) > ts + 1, X).
For the sake of presentation, we introduce some auxiliary notation for the distribution of T u :
h(t, X) = Pr(Tu = t | Ts > t, Tu ≥ t, X).
Using this notation, (A.3)-(A.5) and (A.4) for period ts + 1 give
E(Y (∞)|Ts > ts , Tu (∞) ≥ ts , X) = h(ts , X)
[1 − h(ts , X)]h(ts + 1, X)
[1 − h(ts , X)][1 − h(ts + 1, X)]

E(Y |Ts > ts , Tu = ts , X) +
E(Y |Ts > ts + 1, Tu = ts + 1, X) +
E(Y (∞)|Ts > ts + 1, Tu (∞) > ts + 1, X).

All parts of this expression are observed except E(Y (∞)|Ts > ts + 1, Tu (∞) > ts + 1, X).
However, for this outcome, we can iteratively use (A.3) and (A.4) for t s + 2, . . . , Tumax . This
gives:
Tumax

E(Y (∞)|Ts > ts , Tu (∞) ≥ ts , X) =

X

h(k, X)

m=ts

k=ts

(where we apply the convention that

" k−1
Y

Qts −1

m=ts

#

[1 − h(m, X)] E(Y |Ts > k, Tu = k, X)
(A.6)

... = 1). Interestingly, this is the expectation of

the random outcome variable Y over a discrete-time competing risks duration distribution.
In this interpretation, the competing risks are treatment and exit out of the initial state, and
only the observed outcomes after the second risk (exit) are used.
Next, note that
E(Y (∞)|Ts = ts , Tu (ts ) ≥ ts ) = EX|Ts =ts ,Tu ≥ts [E(Y (∞)|Ts = ts , Tu (ts ) ≥ ts , X)] . (A.7)
Then, E(Y (∞) | Ts = ts , Tu (ts ) ≥ ts ) is identified from (A.1)-(A.7). This gives the second

component of ATET(ts ), and (3) gives the first component of ATET(ts ). This is summarized
in Theorem 1.
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