
 
 
 
 
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 
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2 The Evaluation Problem 11 IntrodutionThe objetive of evaluating publi poliy measures is to asses its impliations and thusto obtain a measure for whether the respetive program has been suessful. What suessatually means depends very muh on the targets of the poliy measure to be evaluated.In this paper, we onsider and lassify miroeonomi and miroeonometri approahes to measuring the suess of publi poliy measures. Thus experimental studiesare not onsidered. Moreover we do not onsider maro analysis and meso analysis isonly onsidered impliitly, when presenting estimation priniples. No indiret eVets, i.e.external eVets are onsidered. This might be a ruial omission when onsidering e.g. innovation programs, sine some of those might be designed exatly to reate external eVets(ompare Klette, Møen and Grilihes (2000) for an attempt).The next setion haraterizes the evaluation problem. Setion 3 then presents threeestimation priniples, the assumptions behind and the onsequenes of violating theseassumptions. Most attention is devoted to rosssetion estimations sine they are themost important ones in the empirial literature.2 The Evaluation ProblemOne of the basi tasks of evaluation is to measure the impat of a poliy measure on itspartiipants, that is to measure the eVet of the treatment on the treated. Before onsideringdiVerent approahes to doing so, let us state this task formally. Let yt be a (N × 1) vetorof realizations of a target variable at time t. N is the number of partiipating and nonpartiipating agents that enter an evaluation study. Whih variable is to be overed by ytwill be determined by the targets of the program to be evaluated. In a setting of tehnologyprograms one ould think of a binary variable, denoting e.g. whether a �rm has introduedan innovation, but it an also be a metri variable, measuring e.g. the amount of savingsor some measure of �rms' R&Dperformane.Further, let Xt be a (N × k) matrix of variables that an explain yt. The hoie ofwhih variables to enter Xt is driven by an eonomi model that is set up by the evaluator,i.e.
yt = Xtβt + ut, (1)where ut ∼ i.i.d. denotes a vetor of unobservables with E(ut) = 0. Suppose, thatagents partiipate at the program at time h ∈ (t, t + τ). Thus the task of the evaluatoris to desribe the part of evolution of y that is due to the program being evaluated. In itsmost general form, the model after the introdution of the program is

yt+τ = Xt+τβt+τ + ut+τ .However, to be able to make omparisons between partiipants and nonpartiipants andthus to obtain meaningful results of the evaluation, we often have to introdue assumptions on whih part of model (1) to be atually aVeted by the program. Hene, suppose
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2 The Evaluation Problem 2a program to aVet either X, e.g. by hanging the fator endowment of �rms, or β, e.g.by modifying the behaviour of �rms. Throughout this overview we will assume that thein�uene of the program an be measured additively, i.e.
yt+τ = Xtβ + dα + ut+τ , (2)where d is a vetor with some nonzero value for partiipants and 0 for nonpartiipants.In its simplest ase, d an be a dummy vetor where �1" denotes partiipation1. In otherases d might onsist of data on reeived payments et.To summarize diVerent approahes to the evaluation of publi poliy measures we need todeal with partiipants and nonpartiipants separately. Therefore let y(1)

t be a partition oflength n of yt of those agents that partiipate in the program (hene the supersript (1)).Correspondingly, let y
(0)
t denote a vetor of length N − n with the state of a sample ofnonpartiipants at time t.Then y

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

(1)
t+τ thereafter;orresponding notation applies for non partiipants (0). The objetive of an evaluationstudy onsists in identifying the eVets of a publi program suh that they an be separatedfrom that evolution of yt that would have ourred without the existene of the programunder srutiny. To express this formally, denote this hypothetial state as y(c)

t+τ . This vetoris alled the ounterfatual. Using this variable, the evaluation problem an be expressed asmeasuring the eVet 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 vetors

y
(1)
i,t+τ − y

(c)
i,t+τ = δ

(1)
i,τ ,Obviously it is impossible to know both vetors simultaneously. This phenomenon hasbeen denoted the fundamental evaluation problem (e.g. Hekman et al., 1999). This evaluation problem would be easily solved if partiipating agents do not diVer systematiallyfrom nonpartiipants, both at time t (hene before treatment), i.e.

E
(
y

(1)
t

)
= E

(
y

(0)
t

) (4)However, this is generally not the ase sine the aim of a program is usually to supportexatly those agents, whose target variable does diVer systematially and to selet them forprogram partiipation.21Note that this implies that the outome of the program would be idential for all partiipants, i.e. ashift by α. This ase is however very often rejeted (e.g. Hekman, LaLonde and Smith, 1999, p. 1885).2Other, less obvious ases are possible. Thus evaluation studies of SEMATECH, a researh onsortiumin the semiondutor industry suVered from the fat, 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 Priniples of Estimating the Counterfatual 3Thus, the hoie is not random and it is therefore impossible to estimate the treatmenteVet by means of a simple omparison between partiipants and nonpartiipants. ThiseVet has been alled the sample seletion bias (e.g. Hekman and Hotz, 1989).Intuitively, a natural approah to obtaining an estimate for ∆(1)
t,t+τ would be to simplyask partiipants to quantify their bene�ts (or losses) due to their partiipation at the program. Of ourse, this approah bears the risk of reeiving systematially biased estimates3e.g. due to strategi answering. Therefore it seems preferable to apply miroeonometrimethods to obtain an estimate of the ounterfatual. In the following setion we presentdiVerent approahes to do so and hene to deal with the evaluation problem.3 Different Priniples of Estimating the CounterfatualIn estimating the ounterfatual, three priniples have been suggested in the literature (e.g.Hekman et al., 1999). These are1. the beforeafter estimator,2. the diVerene in diVerene estimator and3. ross setion models.We present these priniples and their eonometri orrespondene in turn, desribingunderlying assumptions and impliations for disaggregate analysis.3.1 The BeforeAfter Estimator3.1.1 The Basi PrinipleDenote ȳ(·)

t themean of vetor y(·)
t . Assume, that the average outome of the �notreatmentstate of partiipants after treatment� (i.e. the ounterfatual) an be approximated by thepreprogram state. That is,
E

(
ȳ

(c)
t+τ

)
= E

(
ȳ

(1)
t

)
.Then, a poliy measure's average eVet 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. Hene, thisapproah 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 partiipation at the ITESprogram.
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3 Different Priniples of Estimating the Counterfatual 4averages out and there is no systemati evolution in ȳ
(1)
t . Then, the ounterfatual 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 rosssetion data on the partiipants alone, whih is notthe ase for the following estimators. Its major drawbak is that the assumption that theapproximation error averages out is easily violated, namely if systemati, nonidiosynratishoks our within period [t, t + τ ]. There are at least two reasons, why suh shoks anbe expetedExogenous evolution of explaining variables. Suppose that some of the elements of Xevolve systematially over time even without program partiipation of agent i (i.e.exogenously). The beforeafter estimator would aount for this evolution as ontribution of the program, estimations thus would be biased. This bias an be expetedto be the larger, the longer the observed time interval τ .Strategi behaviour by the partiipants. This phenomenon is often enountered in theevaluation of labor market programs. However it an be expeted in all kind of publi poliy measures. Suppose, that publi authorities announe a measure to supportR&D measures, say in a ertain tehnologial area. Firms that are eligible for partiipation and have planned similar R&D ativities an be supposed to postponethese ativities and to take them up only after partiipation. This behaviour anbe expressed as a modi�ation of vetor β. This behaviour will in�uene y at leasttemporarily. When measures are postponed, this will usually result in a temporarydrop of y and a subsequent reovering one the measure is introdues. This behaviour has entered the literature under the notion of Ashenfelter's dip (Ashenfelter(1978), see Figure 1 for an illustration). One this is the ase, the result of estimator(5) depends ruially of the evaluator's hoie of t and τ . To my knowledge, there isto date no attempt to quantify this phenomenon within the evaluation of industrialprograms.3.1.2 Appliation to MirodataConsidering mirodata is appropriate if we are interested in the distribution of the outomes of the publi program, rather that its average. Applying the beforeafter estimatorto mirodata 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 Priniples of Estimating the Counterfatual 5

Figure 1: Mean annual earnings prior, during and subsequent to training for a 1964 training program andomparison 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 ounterfatual c. Suppose further that ∆(1)

τ , theoutome of partiipation at a program an be desribed by a model of type (2), i.e. by asimple shift in the interept term of the regression. That is we an set
X

(1)
t+τβ = X

(c)
t+τβ + dαhene

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 expetedvalue 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 partiipants and nonpartiipants do notdiVer signi�antly in their behaviour. This is far from being granted but an be tested with a simple test forstrutural hange, e.g. Waldtest.
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3 Different Priniples of Estimating the Counterfatual 6From this equation, we see, that the distortion is the bigger, the larger ∆X(c) , the autonomous evolution of X(1). The priniple of diVerene in diVerene estimation (setion3.3) orrets for this distortion.3.2 CrossSetion Estimators3.2.1 The Basi PrinipleA seond priniple ompares partiipants and nonpartiipants at time t + τ . The rosssetion estimators are based on the assumption that the target variable's average value doesnot diVer signi�antly for nonpartiipants and the partiipants' ounterfatual value, i.e.
E

(
ȳ

(c)
t+τ

)
= E

(
ȳ

(0)
t+τ

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

̂̄∆
(1,0)

t+τ = ȳ
(1)
t+τ − ȳ

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

(·)
t . Indeed, assumption (8) an rarely be met due to the seletion bias(f. equation 4 on page 2). Therefore, diVerent modi�ations of this assumption havebeen suggested that lead to diVerent approahes to eliminating this bias and thus lead todiVerent instanes of the rosssetion estimator. These are1. Mathing methods2. Miroeonometri seletion modelsWe present these approahes in turn.3.2.2 Mathing Methods3.2.2.1 Diret Comparison of Partiipating and NonPartiipating Agents � ExatMathing Suppose the following restrition 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 nonpartiipant and the ounterfatual of a partiipant do not differ signi�antly, given that their respetive realizations of the desribing matrix X areidential. This assumption is alled the onditional independene assumption (CIA) sine isonditional on the realization of X. Suppose further (as in setion 3.1.2) that the outomeof a program an be desribed as a shift in the interept of the regression

y
(1)
t+τ = X

(c)
t+τβ + dα + u

(1)
t+τ
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3 Different Priniples of Estimating the Counterfatual 7Then a straightforward approah to estimate α is to �nd a matrix X
(0)
t+τ that exatlymathes matrix X

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

(0)
t+τand �nally dedue dα from y

(1)
t+τ −X

(0)
t+τ β̂. Hene this approah amounts to �nding foreah partiipant p a nonpartiipant i whose realizations x

(0)
i,t+τ are idential to those ofthe partiipant, i.e. to x

(1)
p,t+τ .Therefore, this approah is sometimes alled exat mathing approah. Obviously, to�nd suh a orresponding agent is a formidable task whose burden inreases with thenumber of variables inluded in the explaining matrix X. While the approah might stillbe feasible whenX ontains nominal or ordinal variables, it an be expeted to be virtuallyimpossible one metri variables are involved. Therefore, this approah does not seem tobe useful when analyzing �rm data.3.2.2.2 Generalized Mathing Methods Generalized Mathing Methods (often simply alled Mathing Methods) an be interpreted as an extension of the omparison approah desribed above. Let b : R

k 7→ R
1 be a homogeneous funtion (the balaningsore, 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 mathing problem from setion 3.2.2.1 is redued to a onedimensional one. An intuitive and often used ase of b(·) is the propensity sore of agentsthat expresses the agents' onditional probability (onditional on X) to partiipate at apubli poliy 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 Mathing Method (Hagen and Steiner, 2000, after Hekman et al., 1999, p.1953): 1. Consider the set of partiipants {(1)} and nonpartiipants {(0)}2. Choose a partiipating agent i ∈ {(1)} and orresponding b(xi). Eliminate ifrom {(1)}.3. Find a nonpartiipant j ∈ {(0)} with minimum distane D to i suh that

Dij =

(
j| Min

j∈{(0)}
[b(xi) − b(xj)]

)
.4. Delare j being the agent mathing i.5. Delete j from {(0)} and go bak to the �rst step until {(1)} is empty.A number of other generalizations of the mathing proess have been suggested. Insteadof referring to a funtion b(·) it is possible to de�ne a metri

Ai =

(
j| Min

j∈{(0)}
‖Xi −Xj‖

)
,
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3 Different Priniples of Estimating the Counterfatual 8where ‖ · ‖ denotes some distane norm. Then agent j ∈ {(0)} is given weight 1 if thisondition is ful�lled. This ase an be onsidered as a speialized ase of kernel mathingwhere eah i ∈ {(1)} is mathed by a weighted sum of all j ∈ {(0)} and the weights areonstruted aording to j's respetive distane to the i under onsideration.3.2.3 Miroeonometri Seletion ModelsSuppose the seletion bias, i.e. the violation of assumption (8) an be explained by somevariable or a set of variables. Aording to whether these variables are observable or unobservable we distinguish diVerent approahes.3.2.3.1 Modeling the Seletion on the Basis of Observable Variables3.2.3.1.1 Control Funtion Estimator A bias in the seletion partiipants implies that vetors d and u in equation (2) are orrelated. Suppose that an agent's deisionto partiipate at a measure an be desribed as funtion of observable variables Z. Theonsequenes 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 deision to partiipate with a latent model of the form

p = Zγ + v (10)where pi > 0 if agent i partiipates, else pi < 0. If this is the ase, α the outome ofa measure might be estimated onsistently by inlusion 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 pratial implementations, this amounts to inlude all variables that in�uene an agent'spartiipation deision as ontrol variables in a redued 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 diretly on d. An approah alongthese lines has been hosen by Arvanitis and Hollenstein (2001). The problem with thisapproah is that it is virtually impossible to identify variables Z that are unorrelated with

u but at the same time orrelated with d. Then estimates an be expeted to be biasedand this approah should therefore be used with aution.
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3 Different Priniples of Estimating the Counterfatual 93.2.3.2 Modeling the Seletion on the Basis of Unobservable Variables An oftenenountered problem is that the seletion bias ours 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 inlusion of orretion variables Zdoes not remove the orrelation between d and u. The remedy for this phenomenondiVers aording to the data availability.3.2.3.2.1 Fixed or Random EVets Estimator If we dispose of panel data, wean speify a latent model of the form
ui,t = φi + vi,twith v ∼ i.i.d. and mean 0. This eVet vanishes when estimating in diVerenes, 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 eVets model, i.e.where the following spei�ation is appropriate
ui,t = φi + tθi + vi,t.Again, these individual eVets vanish when building diVerenes in the usual manner(Hsiao, 1986, or Hekman and Hotz, 1989).3.2.3.2.2 The Hekman Seletion Corretion For ases, where only rosssetiondata are disposable, Hekman (1976) suggests an approah that interprets the seletionbias as an omitted variables problem. In this ase, Hekman suggests a twoequation approah 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 approah.3.3 The DiVerene in DiVerene Estimator3.3.1 The Basi PrinipleIf we have panel data or repeated rosssetion data on partiipants and nonpartiipantsdiVerent approahes are possible to takle the evaluation problem, i.e. the problem ofsample seletion bias. One is the diVerene in diVerene (did)estimator. Suppose that theautonomous evolution of the target variable of partiipants an be approximated by theevolution of the target variable of nonpartiipants, 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 Priniples of Estimating the Counterfatual 10Then, the average treatment eVet, ∆̄ 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 diVerene of two diVerenes. Expanding (12) by (5) yields a onsistent estimate of the evaluation problem (3) if assumption (11) is ful�lled.3.3.2 Appliation to MirodataObviously, estimator (12) annot be applied to individuals, sine it is impossible to identify states c and d simultaneously for any partiipating agent. Therefore it is not straightforward to apply this estimation priniple to mirodata. Suppose however that we are ableto onstrut a omparison group via a mathing proess suh that X(0) mathes X(1).This implies that both matries 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 nonpartiipants.This expression makes evident that the quality of the didestimator depends on the qualityof the mathing proess.
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