
 
 
 
 
Discussion Papers on Entrepreneurship, Growth and 
Public Policy 

 

 

 

# 03005 
 

Quantitative, Non-Experimental Approaches to the 
Microeconomic Evaluation of Public Policy Measures - 

A Survey 
 

by 
 

Max Keilbach 
Max Planck Institute of Economics 

 

Number of Pages: 11 
 

Max Planck Institute of Economics 
Group Entrepreneurship, Growth and 
Public Policy 
Kahlaische Str. 10  
07745 Jena, Germany 
Fax: ++49-3641-686710 

The Papers on Entrepreneurship, Growth and Public Policy are edited by the 
Group Entrepreneurship, Growth and Public Policy, MPI Jena. 

For editorial correspondence, 
please contact: egppapers@mpiew-jena.mpg.de 

 
ISSN 1613-8333 
© by the author 



Quantitative, Non­Experimental Approa
hes to theMi
roe
onomi
 Evaluation of Publi
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2 The Evaluation Problem 11 Introdu
tionThe obje
tive of evaluating publi
 poli
y measures is to asses its impli
ations and thusto obtain a measure for whether the respe
tive program has been su

essful. What su

essa
tually means depends very mu
h on the targets of the poli
y measure to be evaluated.In this paper, we 
onsider and 
lassify mi
roe
onomi
 and mi
roe
onometri
 ap­proa
hes to measuring the su

ess of publi
 poli
y measures. Thus experimental studiesare not 
onsidered. Moreover we do not 
onsider ma
ro analysis and meso analysis isonly 
onsidered impli
itly, when presenting estimation prin
iples. No indire
t eVe
ts, i.e.external eVe
ts are 
onsidered. This might be a 
ru
ial omission when 
onsidering e.g. in­novation programs, sin
e some of those might be designed exa
tly to 
reate external eVe
ts(
ompare Klette, Møen and Grili
hes (2000) for an attempt).The next se
tion 
hara
terizes the evaluation problem. Se
tion 3 then presents threeestimation prin
iples, the assumptions behind and the 
onsequen
es of violating theseassumptions. Most attention is devoted to 
ross­se
tion estimations sin
e they are themost important ones in the empiri
al literature.2 The Evaluation ProblemOne of the basi
 tasks of evaluation is to measure the impa
t of a poli
y measure on itsparti
ipants, that is to measure the eVe
t of the treatment on the treated. Before 
onsideringdiVerent approa
hes to doing so, let us state this task formally. Let yt be a (N × 1) ve
torof realizations of a target variable at time t. N is the number of parti
ipating and non­parti
ipating agents that enter an evaluation study. Whi
h variable is to be 
overed by ytwill be determined by the targets of the program to be evaluated. In a setting of te
hnologyprograms one 
ould think of a binary variable, denoting e.g. whether a �rm has introdu
edan innovation, but it 
an also be a metri
 variable, measuring e.g. the amount of savingsor some measure of �rms' R&D­performan
e.Further, let Xt be a (N × k) matrix of variables that 
an explain yt. The 
hoi
e ofwhi
h variables to enter Xt is driven by an e
onomi
 model that is set up by the evaluator,i.e.
yt = Xtβt + ut, (1)where ut ∼ i.i.d. denotes a ve
tor of unobservables with E(ut) = 0. Suppose, thatagents parti
ipate at the program at time h ∈ (t, t + τ). Thus the task of the evaluatoris to des
ribe the part of evolution of y that is due to the program being evaluated. In itsmost general form, the model after the introdu
tion of the program is

yt+τ = Xt+τβt+τ + ut+τ .However, to be able to make 
omparisons between parti
ipants and non­parti
ipants andthus to obtain meaningful results of the evaluation, we often have to introdu
e assump­tions on whi
h part of model (1) to be a
tually aVe
ted by the program. Hen
e, suppose
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2 The Evaluation Problem 2a program to aVe
t either X, e.g. by 
hanging the fa
tor endowment of �rms, or β, e.g.by modifying the behaviour of �rms. Throughout this overview we will assume that thein�uen
e of the program 
an be measured additively, i.e.
yt+τ = Xtβ + dα + ut+τ , (2)where d is a ve
tor with some non­zero value for parti
ipants and 0 for non­parti
ipants.In its simplest 
ase, d 
an be a dummy ve
tor where �1" denotes parti
ipation1. In other
ases d might 
onsist of data on re
eived payments et
.To summarize diVerent approa
hes to the evaluation of publi
 poli
y measures we need todeal with parti
ipants and non­parti
ipants separately. Therefore let y(1)

t be a partition oflength n of yt of those agents that parti
ipate in the program (hen
e the supers
ript (1)).Correspondingly, let y
(0)
t denote a ve
tor of length N − n with the state of a sample ofnon­parti
ipants at time t.Then y

(1)
t denotes the state of the parti
ipants before treatment and y

(1)
t+τ thereafter;
orresponding notation applies for non parti
ipants (0). The obje
tive of an evaluationstudy 
onsists in identifying the eVe
ts of a publi
 program su
h that they 
an be separatedfrom that evolution of yt that would have o

urred without the existen
e of the programunder s
rutiny. To express this formally, denote this hypotheti
al state as y(c)

t+τ . This ve
toris 
alled the 
ounterfa
tual. Using this variable, the evaluation problem 
an be expressed asmeasuring the eVe
t of treatment on the treated, i.e.
y

(1)
t+τ − y

(c)
t+τ = ∆

(1,c)
t+τ (3)or for the i'th individual (e.g. �rm), i.e. for the i'th elements of the above ve
tors

y
(1)
i,t+τ − y

(c)
i,t+τ = δ

(1)
i,τ ,Obviously it is impossible to know both ve
tors simultaneously. This phenomenon hasbeen denoted the fundamental evaluation problem (e.g. He
kman et al., 1999). This eval­uation problem would be easily solved if parti
ipating agents do not diVer systemati
allyfrom non­parti
ipants, both at time t (hen
e before treatment), i.e.

E
(
y

(1)
t

)
= E

(
y

(0)
t

) (4)However, this is generally not the 
ase sin
e the aim of a program is usually to supportexa
tly those agents, whose target variable does diVer systemati
ally and to sele
t them forprogram parti
ipation.21Note that this implies that the out
ome of the program would be identi
al for all parti
ipants, i.e. ashift by α. This 
ase is however very often reje
ted (e.g. He
kman, LaLonde and Smith, 1999, p. 1885).2Other, less obvious 
ases are possible. Thus evaluation studies of SEMATECH, a resear
h 
onsortiumin the semi
ondu
tor industry suVered from the fa
t, that this 
onsortium 
omprised all major �rms and80% of the turnaround of this industry. E.g. Irwin and Klenow (1996).
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3 Different Prin
iples of Estimating the Counterfa
tual 3Thus, the 
hoi
e is not random and it is therefore impossible to estimate the treatmenteVe
t by means of a simple 
omparison between parti
ipants and non­parti
ipants. ThiseVe
t has been 
alled the sample sele
tion bias (e.g. He
kman and Hotz, 1989).Intuitively, a natural approa
h to obtaining an estimate for ∆(1)
t,t+τ would be to simplyask parti
ipants to quantify their bene�ts (or losses) due to their parti
ipation at the pro­gram. Of 
ourse, this approa
h bears the risk of re
eiving systemati
ally biased estimates3e.g. due to strategi
 answering. Therefore it seems preferable to apply mi
roe
onometri
methods to obtain an estimate of the 
ounterfa
tual. In the following se
tion we presentdiVerent approa
hes to do so and hen
e to deal with the evaluation problem.3 Different Prin
iples of Estimating the Counterfa
tualIn estimating the 
ounterfa
tual, three prin
iples have been suggested in the literature (e.g.He
kman et al., 1999). These are1. the before­after estimator,2. the diVeren
e in diVeren
e estimator and3. 
ross se
tion models.We present these prin
iples and their e
onometri
 
orresponden
e in turn, des
ribingunderlying assumptions and impli
ations for disaggregate analysis.3.1 The Before­After Estimator3.1.1 The Basi
 Prin
ipleDenote ȳ(·)

t themean of ve
tor y(·)
t . Assume, that the average out
ome of the �no­treatmentstate of parti
ipants after treatment� (i.e. the 
ounterfa
tual) 
an be approximated by thepre­program state. That is,
E

(
ȳ

(c)
t+τ

)
= E

(
ȳ

(1)
t

)
.Then, a poli
y measure's average eVe
t of treatment of the treated (ATE), ∆̄(1), 
an be 
on­sistently estimated by the before­after estimator:

̂̄∆
(1)

t,t+τ = ȳ
(1)
t+τ − ȳ

(1)
t =

(
ȳ

(1)
t+τ − ȳ

(c)
t+τ

)

︸ ︷︷ ︸
a

+
(
ȳ

(c)
t+τ − ȳ

(1)
t

)

︸ ︷︷ ︸
b

, (5)where a gives the evaluation equation (3) and b gives the approximation error. Hen
e, thisapproa
h yields a 
onsistent estimate of (3) if E(b) = 0, i.e. if the approximation error3See e.g. Oldsman (1996) who used estimated savings due to the parti
ipation at the ITES­program.
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3 Different Prin
iples of Estimating the Counterfa
tual 4averages out and there is no systemati
 evolution in ȳ
(1)
t . Then, the 
ounterfa
tual 
an beapproximated by the state of the target variable before treatment (at time t). The majoradvantage of this estimator is its weak demand for data. The estimator 
an be implementedon panel data or even repeated 
ross­se
tion data on the parti
ipants alone, whi
h is notthe 
ase for the following estimators. Its major drawba
k is that the assumption that theapproximation error averages out is easily violated, namely if systemati
, non­idiosyn
rati
sho
ks o

ur within period [t, t + τ ]. There are at least two reasons, why su
h sho
ks 
anbe expe
tedExogenous evolution of explaining variables. Suppose that some of the elements of Xevolve systemati
ally over time even without program parti
ipation of agent i (i.e.exogenously). The before­after estimator would a

ount for this evolution as 
ontri­bution of the program, estimations thus would be biased. This bias 
an be expe
tedto be the larger, the longer the observed time interval τ .Strategi
 behaviour by the parti
ipants. This phenomenon is often en
ountered in theevaluation of labor market programs. However it 
an be expe
ted in all kind of pub­li
 poli
y measures. Suppose, that publi
 authorities announ
e a measure to supportR&D measures, say in a 
ertain te
hnologi
al area. Firms that are eligible for par­ti
ipation and have planned similar R&D a
tivities 
an be supposed to postponethese a
tivities and to take them up only after parti
ipation. This behaviour 
anbe expressed as a modi�
ation of ve
tor β. This behaviour will in�uen
e y at leasttemporarily. When measures are postponed, this will usually result in a temporarydrop of y and a subsequent re
overing on
e the measure is introdu
es. This be­haviour has entered the literature under the notion of Ashenfelter's dip (Ashenfelter(1978), see Figure 1 for an illustration). On
e this is the 
ase, the result of estimator(5) depends 
ru
ially of the evaluator's 
hoi
e of t and τ . To my knowledge, there isto date no attempt to quantify this phenomenon within the evaluation of industrialprograms.3.1.2 Appli
ation to Mi
rodataConsidering mi
rodata is appropriate if we are interested in the distribution of the out­
omes of the publi
 program, rather that its average. Applying the before­after estimatorto mi
rodata yields

∆̂
(1)

t,t+τ = y
(1)
t+τ − y

(1)
t =

(
y

(1)
t+τ − y

(c)
t+τ

)

︸ ︷︷ ︸
a

+
(
y

(c)
t+τ − y

(1)
t

)

︸ ︷︷ ︸
b

, (6)with terms a and b 
orresponding to equation (5). Consider the 
ase of autonomousevolution of X, the 
ase of evolving β 
an be developed 
orrespondingly. With equation
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3 Different Prin
iples of Estimating the Counterfa
tual 5

Figure 1: Mean annual earnings prior, during and subsequent to training for a 1964 training program and
omparison group. An Illustration of �Ashenfelter's dip�(1) the state of y(1) before treatment 
an be explained as4.
y

(1)
t = X

(1)
t β + u

(1)
tand 
orresponding for t + τ and the 
ounterfa
tual c. Suppose further that ∆(1)

τ , theout
ome of parti
ipation at a program 
an be des
ribed by a model of type (2), i.e. by asimple shift in the inter
ept term of the regression. That is we 
an set
X

(1)
t+τβ = X

(c)
t+τβ + dαhen
e

y
(1)
t+τ − y

(c)
t+τ = X

(1)
t+τβ − X

(1)
t+τβ︸ ︷︷ ︸

0

+dα + εt+τwith εt+τ = u
(1)
t+τ − u

(c)
t+1 ∼ i.i.d. and E(εt+τ ) = 0. The bias of ∆̂(1)

t,τ , i.e. the expe
tedvalue of term b in equation (6) 
an be expressed as
E

(
y

(c)
t+τ − y

(1)
t

)
= E

(
X

(c)
t+τβ − X

(1)
t β

)
= E (∆X(c)β) (7)4This assumes that E

(
β

(1)
)

= E
(
β

(0)
)

= E (β), i.e. that parti
ipants and non­parti
ipants do notdiVer signi�
antly in their behaviour. This is far from being granted but 
an be tested with a simple test forstru
tural 
hange, e.g. Wald­test.
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3 Different Prin
iples of Estimating the Counterfa
tual 6From this equation, we see, that the distortion is the bigger, the larger ∆X(c) , the au­tonomous evolution of X(1). The prin
iple of diVeren
e in diVeren
e estimation (se
tion3.3) 
orre
ts for this distortion.3.2 Cross­Se
tion Estimators3.2.1 The Basi
 Prin
ipleA se
ond prin
iple 
ompares parti
ipants and non­parti
ipants at time t + τ . The 
rossse
tion estimators are based on the assumption that the target variable's average value doesnot diVer signi�
antly for non­parti
ipants and the parti
ipants' 
ounterfa
tual value, i.e.
E

(
ȳ

(c)
t+τ

)
= E

(
ȳ

(0)
t+τ

)
. (8)Then the average treatment eVe
t ∆̄ 
an be estimated as

̂̄∆
(1,0)

t+τ = ȳ
(1)
t+τ − ȳ

(0)
t+τNote that assumption (8) is stronger than assumption (11), sin
e it does not 
orre
t foran initial state ȳ

(·)
t . Indeed, assumption (8) 
an rarely be met due to the sele
tion bias(
f. equation 4 on page 2). Therefore, diVerent modi�
ations of this assumption havebeen suggested that lead to diVerent approa
hes to eliminating this bias and thus lead todiVerent instan
es of the 
ross­se
tion estimator. These are1. Mat
hing methods2. Mi
roe
onometri
 sele
tion modelsWe present these approa
hes in turn.3.2.2 Mat
hing Methods3.2.2.1 Dire
t Comparison of Parti
ipating and Non­Parti
ipating Agents � Exa
tMat
hing Suppose the following restri
tion of assumption (8):
E

(
ȳ

(c)
t+τ |X

(c)
t+τ = xt+τ

)
= E

(
ȳ

(0)
t+τ |X

(0)
t+τ = xt+τ

)
. (9)That is the state of a non­parti
ipant and the 
ounterfa
tual of a parti
ipant do not dif­fer signi�
antly, given that their respe
tive realizations of the des
ribing matrix X areidenti
al. This assumption is 
alled the 
onditional independen
e assumption (CIA) sin
e is
onditional on the realization of X. Suppose further (as in se
tion 3.1.2) that the out
omeof a program 
an be des
ribed as a shift in the inter
ept of the regression

y
(1)
t+τ = X

(c)
t+τβ + dα + u

(1)
t+τ
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3 Different Prin
iples of Estimating the Counterfa
tual 7Then a straightforward approa
h to estimate α is to �nd a matrix X
(0)
t+τ that exa
tlymat
hes matrix X

(c)
t+τ , infer β from it and from 
orresponding depending variable y

(0)
t+τand �nally dedu
e dα from y

(1)
t+τ −X

(0)
t+τ β̂. Hen
e this approa
h amounts to �nding forea
h parti
ipant p a non­parti
ipant i whose realizations x

(0)
i,t+τ are identi
al to those ofthe parti
ipant, i.e. to x

(1)
p,t+τ .Therefore, this approa
h is sometimes 
alled exa
t mat
hing approa
h. Obviously, to�nd su
h a 
orresponding agent is a formidable task whose burden in
reases with thenumber of variables in
luded in the explaining matrix X. While the approa
h might stillbe feasible whenX 
ontains nominal or ordinal variables, it 
an be expe
ted to be virtuallyimpossible on
e metri
 variables are involved. Therefore, this approa
h does not seem tobe useful when analyzing �rm data.3.2.2.2 Generalized Mat
hing Methods Generalized Mat
hing Methods (often sim­ply 
alled Mat
hing Methods) 
an be interpreted as an extension of the 
omparison ap­proa
h des
ribed above. Let b : R

k 7→ R
1 be a homogeneous fun
tion (the balan
ings
ore, see Rosenbaum and Rubin, 1983). Based on it we 
an modify assumption (9) to

E
(
ȳ

(c)
t+τ | b(X

(c)
t+τ ) = b(xt+τ )

)
= E

(
ȳ

(0)
t+τ | b(X

(0)
t+τ ) = b(xt+τ )

)
,i.e. the multidimensional mat
hing problem from se
tion 3.2.2.1 is redu
ed to a onedimensional one. An intuitive and often used 
ase of b(·) is the propensity s
ore of agentsthat expresses the agents' 
onditional probability (
onditional on X) to parti
ipate at apubli
 poli
y program. This probability 
an be estimated with a standard Probit or Logit­model. On the basis of this estimate a 
orresponding agent 
an be found through a nearest­neighbor Mat
hing Method (Hagen and Steiner, 2000, after He
kman et al., 1999, p.1953): 1. Consider the set of parti
ipants {(1)} and non­parti
ipants {(0)}2. Choose a parti
ipating agent i ∈ {(1)} and 
orresponding b(xi). Eliminate ifrom {(1)}.3. Find a non­parti
ipant j ∈ {(0)} with minimum distan
e D to i su
h that

Dij =

(
j| Min

j∈{(0)}
[b(xi) − b(xj)]

)
.4. De
lare j being the agent mat
hing i.5. Delete j from {(0)} and go ba
k to the �rst step until {(1)} is empty.A number of other generalizations of the mat
hing pro
ess have been suggested. Insteadof referring to a fun
tion b(·) it is possible to de�ne a metri


Ai =

(
j| Min

j∈{(0)}
‖Xi −Xj‖

)
,
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3 Different Prin
iples of Estimating the Counterfa
tual 8where ‖ · ‖ denotes some distan
e norm. Then agent j ∈ {(0)} is given weight 1 if this
ondition is ful�lled. This 
ase 
an be 
onsidered as a spe
ialized 
ase of kernel mat
hingwhere ea
h i ∈ {(1)} is mat
hed by a weighted sum of all j ∈ {(0)} and the weights are
onstru
ted a

ording to j's respe
tive distan
e to the i under 
onsideration.3.2.3 Mi
roe
onometri
 Sele
tion ModelsSuppose the sele
tion bias, i.e. the violation of assumption (8) 
an be explained by somevariable or a set of variables. A

ording to whether these variables are observable or unob­servable we distinguish diVerent approa
hes.3.2.3.1 Modeling the Sele
tion on the Basis of Observable Variables3.2.3.1.1 Control Fun
tion Estimator A bias in the sele
tion parti
ipants im­plies that ve
tors d and u in equation (2) are 
orrelated. Suppose that an agent's de
isionto parti
ipate at a measure 
an be des
ribed as fun
tion of observable variables Z. The
onsequen
es for this on assumption (8) are that
E

(
y

(c)
t+τ |X

(c)
t+τ ,d

)
6= E

(
y

(0)
t+τ |X

(0)
t+τ

)
.but

E
(
y

(c)
t+τ |X

(c)
t+τ ,d,Zt+τ

)
= E

(
y

(0)
t+τ |X

(0)
t+τ ,Zt+τ

)
.Assume, we 
an model the de
ision to parti
ipate with a latent model of the form

p = Zγ + v (10)where pi > 0 if agent i parti
ipates, else pi < 0. If this is the 
ase, α the out
ome ofa measure might be estimated 
onsistently by in
lusion of Z as 
ontrol variables in theregression. I.e. we have a model of the form
yt+τ = Xt+τβ + dα + Zt+τγ + vt+τ .In pra
ti
al implementations, this amounts to in
lude all variables that in�uen
e an agent'sparti
ipation de
ision as 
ontrol variables in a redu
ed form estimator.3.2.3.1.2 Instrumental Variable Estimator This estimator uses the matrix Z asinstrument to regress on d and thus to eliminate the 
orrelation between d and u. Thatis, we use a model of the form (10) to be regressed dire
tly on d. An approa
h alongthese lines has been 
hosen by Arvanitis and Hollenstein (2001). The problem with thisapproa
h is that it is virtually impossible to identify variables Z that are un
orrelated with

u but at the same time 
orrelated with d. Then estimates 
an be expe
ted to be biasedand this approa
h should therefore be used with 
aution.
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3 Different Prin
iples of Estimating the Counterfa
tual 93.2.3.2 Modeling the Sele
tion on the Basis of Unobservable Variables An oftenen
ountered problem is that the sele
tion bias o

urs due to unobservable variables. Thinke.g. of a �rm's quality of management or the intensity of support by the publi
 authoritiesduring the program implementation. In that 
ase, an in
lusion of 
orre
tion variables Zdoes not remove the 
orrelation between d and u. The remedy for this phenomenondiVers a

ording to the data availability.3.2.3.2.1 Fixed­ or Random EVe
ts Estimator If we dispose of panel data, we
an spe
ify a latent model of the form
ui,t = φi + vi,twith v ∼ i.i.d. and mean 0. This eVe
t vanishes when estimating in diVeren
es, i.e. α 
anbe estimated 
onsistently on the basis of the following model

(yi,t+τ − yi,t) = (xi,t+τ − xi,t)β + diαt + (vi,t+τ − vi,t).Correspondingly, α 
an be estimated 
onsistently based on a random eVe
ts model, i.e.where the following spe
i�
ation is appropriate
ui,t = φi + tθi + vi,t.Again, these individual eVe
ts vanish when building diVeren
es in the usual manner(Hsiao, 1986, or He
kman and Hotz, 1989).3.2.3.2.2 The He
kman Sele
tion Corre
tion For 
ases, where only 
ross­se
tiondata are disposable, He
kman (1976) suggests an approa
h that interprets the sele
tionbias as an omitted variables problem. In this 
ase, He
kman suggests a two­equation ap­proa
h to be built up of equations of type (2) and (10). Based on assumptions on the jointdistribution of u and v, α 
an be estimated in a simultaneous or in a sequential approa
h.3.3 The DiVeren
e in DiVeren
e Estimator3.3.1 The Basi
 Prin
ipleIf we have panel data or repeated 
ross­se
tion data on parti
ipants and non­parti
ipantsdiVerent approa
hes are possible to ta
kle the evaluation problem, i.e. the problem ofsample sele
tion bias. One is the diVeren
e in diVeren
e (did)­estimator. Suppose that theautonomous evolution of the target variable of parti
ipants 
an be approximated by theevolution of the target variable of non­parti
ipants, i.e.

E
(
ȳ

(c)
t+τ − ȳ

(1)
t

)
= E

(
ȳ

(0)
t+τ − ȳ

(0)
t

)
. (11)
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3 Different Prin
iples of Estimating the Counterfa
tual 10Then, the average treatment eVe
t, ∆̄ may be estimated 
onsistently as
̂̄∆

(1,0)

t,t+τ =
(
ȳ

(1)
t+τ − ȳ

(1)
t

)

︸ ︷︷ ︸
c

−
(
ȳ

(0)
t+τ − ȳ

(0)
t

)

︸ ︷︷ ︸
d

, (12)that is as the diVeren
e of two diVeren
es. Expanding (12) by (5) yields a 
onsistent esti­mate of the evaluation problem (3) if assumption (11) is ful�lled.3.3.2 Appli
ation to Mi
rodataObviously, estimator (12) 
annot be applied to individuals, sin
e it is impossible to iden­tify states c and d simultaneously for any parti
ipating agent. Therefore it is not straight­forward to apply this estimation prin
iple to mi
rodata. Suppose however that we are ableto 
onstru
t a 
omparison group via a mat
hing pro
ess su
h that X(0) mat
hes X(1).This implies that both matri
es are of the same dimension, i.e. N − n = n. Then weobtain from (12), extending with (6)
∆̂

(1,0)

t,t+τ =
(
y

(1)
t+τ − y

(c)
t+τ

)

︸ ︷︷ ︸
a

+
(
y

(c)
t+τ − y

(1)
t

)

︸ ︷︷ ︸
b

−
(
y

(0)
t+τ − y

(0)
t

)

︸ ︷︷ ︸
d

. (13)Inserting (7) we obtain the bias of (13)
E(b + d) = E [(∆X(c) −∆X(0))β] ,where ∆X(0) is the autonomous evolution of explaining variables for non­parti
ipants.This expression makes evident that the quality of the did­estimator depends on the qualityof the mat
hing pro
ess.
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