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Summary findings

Development practitioners are coming to a consensus

that participation by the intended beneficiaries improves
project performance. But is there convincing evidence
that this is true? Skeptics hav.. three abjections:

= “Participation” is not objective: project rankings are

_ subjective.

* This subjectivity leads to “halo effects.”

* Better project performance may have increased -
beneficiary participation rather than the other way
around; a statistical association is not proof of cause and
effecr. :

Isham, Narayan, and Pritchett show methodologically

~ how 1o answer each of these objections. Subjectivity does

not preclude reliable cardinal measurement. Halo effects
do not appear to induce a strong upward bias in
estimating the effect of participation, Finally, -

_ instrumental variables estimation can help establish a

structural cause and effect relationship between
participation and project performance — at least in the
rural water supply projects they studied.
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Does Parﬁcii:aﬁon Improve Project Performance?:
Empirical Evidence from Project Data

Introduction

Developnient practitioners are corning to a consensﬁs that participation by the
inténded beneficiaries impfoves project perform;;!nce. Championed since the wﬂy 1970s by
mostly non-economic social scientists and grassroots organizaﬁOns (e.g. Freiere 1973, Korten
1980), participatory development is increasingly advocated by the largest and most influential
aid agencies (UNDP 1993, World Bank 1991). However, fhe existence of consensus (or
advocacy) does not imply the existence of clear and conﬁncing evidence. Patti(:ipaﬁon'
advocates have most often relied on case studies to document the link between parﬁcipatibn and
perfonnaﬁce (e.g. Briscoe and Ferranti 1988, Korten and Siy 1989). However thesc case studies
are easily dismissed by skeptics as inéonclusive,,as the small number of cases and informal
method do not allow formal testing of the findings. In response, some studies used the
systematic case smdyrmethrod to establish statistically the relaﬁonshiﬁ between participation and
project performance (Esman and Uphoff 1984, Finsterbusch and Van Wicklin IIT 1987). '

Skeptics have ralsed three objections to the evidence for a causal impact of
participation on project performance from this type of study.r First, “parﬁcipation" is not
objective: hence project rankings are subjective and not appropriate for statistical analysxs
Second, the subjectivity in the 1"anking of projects will lead to "halo éffects': if investigatqrs
believe pérﬁcipaﬁon is good, their subjective rankings will overstate the level of participation

in highly successful projects and the level of success of highly participatory projects. Third,
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better project performance may cause increased beneficiary participation rather than vice versa:
a mere statisﬁéal as#bciation ris hot evidence of a causal impact of participation on performance.

After a brief review of the construction of the dﬁté on prbject performanée and
beneficiary pa:ﬁcipaﬁon from 121 rural water supplj projects and a presgntaﬁon of -the basic
statistical résults we address, and overcome, éach of these three objections. ‘The subjective
nature of the data does not preclude inter—subjectively valid, mrdmal measures of participation
appropﬁate for statisﬁca_l analysis. There is no nece§sary connectioni between objécﬁvity and
quanﬁﬁcaﬁbn with cardinal numbers: cardinal measurement using subjective cntena is common.
Moreéver, the cardinal ranldxigs for each projéct were crm.ted by fwo different coders and the
degree of inter-coder agreement is very l.ligh. Th?,s indicates that inter-subjective reliability can
be ﬁchieved even for intrinsically subjective ooncepts' like ';participation." Finally, we show that
assuming cardinality or imposing linearity is not necessary to establish the ba;ic result.r |

The “halo effect” in coding performance and participation data from project
documents is addresséd in two ways. First, we show the results are the same if the first coder;s
performance md1cators are"regressed on the second coder’s participation scores (and vice versa), |
which indicates a lack of a subjective halo effect by the coders. However, the pﬁmary danger
of subjective m&asuren;nent, and one that weVCannbt address, is that the same individual who
 assessed project success also assessed participation. If that person has strong views about thé
relationship this may induce a bias in the project documents themselves, as the performance of
participatory projects (and fhe participation in successful projects) may be exaggerated.
Wg do however show that rthe strength of the performance-participation mhﬁonship does not

depend on the “objectiveness® of the success indicator.
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The third objection, and the most difficult objection to answer, is that the

existence of an association does not imply causation. While causality is nearly impossible to
establish, we present three arguments. First, we us¢ instrumental variables estimation which
allows the identiﬁcation of the impact ,of' exogenoi.ls rcha.nges in participation, éliminatiﬁg the -
effect on the participation estimates of revé;se causatioh or simultaneity. VSecond, rdaﬁ on the
timing 6f participation shows that participation 5t eﬁrly rstages irhproves project performance at
every stage, from implementation to maintenance. Third, we describe case studies 'i'n which 7
exogenbus changes in parﬁcipation in oxigoing projeéts 'had strong impacts on petformance
rEv'en for this limited set of projects. this paper is not intended asa comprehensive
- account. We focus on a narrow set of econometric issixes involved in drawing inferences from
project data. Narayan (1994),7 drawing on these data and more, rdist:usses in more detail the
relaﬁonship between performance and participation, the detérminaﬁts of project success besides
participation, the determinants of pafticipaﬁon, and the mechanisms whereby participation |

increases overall effectiveness.

I) Data on rural water projects and basic results
‘The sjrstemaﬁc case reviewr method (Finstérbusch 1990) is used to transform

~ varied, qualitative evaluations of a set of related phen_omena into data suitable for statistical
evaluation. To illustrate this api)roach, consider a hypothetical study of effectiveness in higher
education. A researcher wants to usé statistical techniques to determine the most important
factors thét contribute to undergraduate learning. She does not have the ti_me or resources to

design and implement a new survey, but does have access to myriad evaluations by other



agencies--in our hypothetical example, evaluations of 100 American universities, drawn from
six different education organizations. A set of Qaﬁables to be tested are then defined--e.g.,
quality of the faculty, résearch faciiities—-and given a simple numerical scale. Two independent
coders then read the different evaluations rand,r based on their subjective analysis of that
informa-tion,r'code the level of each vaﬁablé. The coder generates this mrxmericrscdre based upoil
quanﬁtétive and qualitative analysis in the brigiﬁal report. The final set of daia, usually the
average of the two coder’s eVaIuaﬁons, is then used for statistical analysis. |

The statistical data of the 121 rural water supply projects m thiS study were
~ assembled from project documents using the Systen;natic case review method‘. Ex-post project
assessments by development agencies typically combine hrmted quantitative évaluations' with |
squective judgements of project performance. Each project document was read by two
independent readers. From this information, these two readers coded specific project variables
(e.g., overall success of project) onto a scale from 1 to 7, creating 144 distinct variables.

Appendix Table 1.1 shows tﬁe list of coded variables (along with the basic-
shmmary statistics). These can be divided into four groups: |
| o project performahce indicators (e.g. "ovefall project effectiveness”, -

"percent of water system in good condition");
. measures of participation (e.g.. "overall beneficiary participation”,

"participation in cohstruction");

! Finsterbusch and Van Wicklin IIT (1987) used the systematic case review approach for their study
of USAID projects. While Esman and Uphoff (1979) did not exactly follow this methodology, their basic
approach was similar: converting independent project evaluations to a numerical scale.
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1 background or project charécterisﬁcs which determine project performance
(e.g. "size of project","'availability of spare parts");
e background or prqject characteristics which determine participation (e.g.
“extent to which agéncy made participaﬁon a goal", "consensus émong -
users")';' |
The "participation” variable merits some discussion. The measure of pﬁlﬁcipation :
Was not simply a masﬁre 6f whether potential béneﬁéiariés were surireyed about their -
preferences. Participalion was scored on a continuum, rangirig from informaﬁonr'sharing, ,
consultation, shared Vdecision-maldng to control 6ver décision-maldng. Participation of
 beneficiaries was considered at three different stages of the project cycle: in ptoject desigh,

construction, and operation and maintenance.

1) Basic rﬁ@el ahd fesulg
Wé begin with the most generﬂ indicators—overall project effectiveness (OPE)
and overall beneficiary pé.rtiéipation (OBP)—and specify and ésﬁmate a simpie linear relationship
between pérformance and participation. The bivariate relationship between OPE and OBP is

simply:
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B o , OPE = B *,VOBP * €

which is functionally equivalent o the simple correlation of the two variables?,

| The usefulness of this bivariate relationship is limited sinee or.her non-participaﬁoh
detertninants of project performance are excluded. In expanding the model, it proves useful to
divide non-participation determinants into two groups"those that are ‘fully exogenous and not
affected by paruclpatmn (e.g. avaxlabxhty of spare parts”) denoted by a matrix Z and those
wluch are potentially affected by paruclpauon (e g. responsweness of managers") denoted by

the matrix W. The multivariate equations are then: -

2) OPE, =B » OBP, + 8, % Z, + &+ W, + ¢,

3 Wy=YsOBP + Y, *Z+1, %X +n,

- Both Z’s and W’s are potential determinants of project performance, however Z’s represent
variables that are not influenced by participation, while W’s represent variables which may be

determined (in part) by participation. As indicated in the second equation, W’s may also be

' ' o ,
2 In the bivariate linear regression the regression cosfficient is —‘z’ (where @, isthe covariance

Oy

: . ]
of y and x) where the correlation coefficient p is 2 _ . So, the correlation coefficient

0.*0,

o ,
p=B*(—=) is a simple rescaling of the bivariate linear regression coefficient.
g :

y
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determined in part by the Z's and by some other set of variables, X’s (the non-participation
determinants of the W’s), In summary, ihese multivariaie equations state that performance of
a water project depends on: beneficiary participation; a rset of inputs' (Z) not related to'
participation (e.g., adequacy of facilities", "avaulabrhty of spare parts"), a set of performance
' determma.nts (W) that may in tum be deterrnmed by partrcrpauon (e.g., responsweness of |
managers", appropriateness of technology) as well as by other inputs.

The distinction between the Z’s and the W’s is important for mamtarmng the
distinction between the parual and the total 1mpact of partlcrpatlon on project performance. In
the mu_ltivanateregressron (equation 2), the beta coefficient gives the direct impact of mcreasmg
'parﬁéipaﬁon, holding all included variables constant: - |

JOPE

K aogp (2w = P

But participatibn may also influence performarnce indirectly: the total impact of changing

participation is the sum of the direct and indirect impacts:

5y  dOPE 3OPE AOPE . oW
) : |zeeww *
dOBP 9OBP % oW  30BP

~ or in this particular specification,

dOPE

6)
dOBP.

=B + 5»*7
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' Thus, the simple partial coefficient with all;controls understates the total impaét of participation
while the bivariate coéfﬁéient (Which excludes the Z's and W's) overstates the impact to the
extent these detérminants and participation are -positively correlated. For each régression we
report the linear regression coefficient on OBP m the OPE for regression for each of the three
speciﬁcations. | | | | |
o Table 1 presehts three estimates of the linear associatidn of overall beneficiary
participation tOBP) with @vera.ll IOj éct effectiveness (OPE): bivariate; limited multivariate (with
| Z,s);, and full multivariate (with Z's and W’s). In a]l cases the results are strongly statisﬁ&aﬂyi
significant and empirically quite large. The t-statistics range from 10.6 in the bivariate case to
3.8 with the full multivariate controls. B |

The estimated impact of participation on project effectiveness ranges from .62 fﬁr
the bivariate case to .24 in the full multivariate case®. How are these coefficients to be
interpreted? The expected impact of increasing participation from a low level (OBP=2) to a high |
levelr (QBP=6) is to improve project performance from betweexi 1 to 2.5 points (on a seven
point scale). A one standard deviation increase in pﬁrﬁcipation (s.d.=1.7, Appendix table 1.1) |
- is associated ‘with between a .41 (full multivariate) to 1.05 (bivariate) point incr@ in
,perforrilance. The iﬁteresﬁng——and intuitively apl?ea]jng—results of the all regressions (limited

and full multivariate) are reported in Appendix table 1.2 and are discussed in Narayan (1994).

? The multivariate impact is naturally lower than the bivariate effect due to the exclusion of positively
correlated non-participation performance determinants, as discussed above. Since the bivariate effect is
a biased upward estimate of the total effect and the full multivariate estimate of the partial effect is likely
biased downward for the total effect, these create reasonable bounds for the total effect.



- Table 1: Basic results for participation (OBP) with
OPE (Overall Project Effectiveness) as the dependent variable
_ Bivariate | Limited multivariate* (Z | Full multivariate* (Z and
variables) , W variables)

8 on OBP 0.62 - 0.28 0.24
t-stat, 10.6 53 38
N 121 7 68
R? . 0.49 0.86 0.89
Notes: a) 'Regrcssion results for other variables reported in Appendix table 2.1. '

a We note hére that fhe choosing of the Z’s and W's in this study was not ehtirely'
straightforward nor rules-driven. However, all the results have proved robust to a number of
variat'ions'of fhe model, and we feel that the choice of control variables is not of primary
interest’. We were generous in our inclusion of potential performance factors, including 18
non-participation variables. The participation variable thus easily passes this "kitchen sink"
torture test of throwing all plausible Vaﬁabies into the régressibn. The dangei' of inadequate
controls for other detérminants of project performance is not nearly as serious a problem as the

three we discuss below’,

4 We do, after all, face the difficulty of 144 coded variables with only 121 projects, which mezos
that mechanical procedures for selecting variables will lack degrees of freedom and are unlikely to be of
- much help. Moreover, many of the variables are clearly overlapping and likely to be collinear. After

some experimentation, we based variable inclusion on three criterion: decent inter-coder reliability, prior '

judgements about the best of collinear sets of variables, and impact on the estimate of participation (we
never dropped any variable which seriously affected the estimate of the participation coefficient). In none
of the expenments were the results on participation substannally different from the full multivariate case
reported in table 1.

3 Heteroskedasticity, a typical econometric problem which receives a fair bit 6_f attention (one
suspects because it is easy to fix) deserves slight mention here. 1t is not 2 problem with the present
results for two reasons., First, the White heteroskedasticity consistent standard errors are roughly the
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) Subjective cardinal data
The fir:t objection to studies--and results--of this kmd is that the data generated
by the systemaﬁc case review method are subjective. According to this skeptical view subjective-
data is unreliable and/or ordinal and thérefofe inappropriate for statistical analysis. In this
‘section we show our data are subjective, yet reliable aud cardinal. ' First, §ve' argue tﬁat the
automatié association of subjective phenomena with ordinal data is incorrect. Second, the degi'ee
~of inter-coder Vagreement on the scoring of the major variables reveals that ther subjective
‘measurement error, while bresent, was a riinor soufcé of variatibn. Thxrd, using techniques
appr_opriate for 6rdina1 data do not drmnaﬁc#uy éhange thé results, and the cons&aints imposed

by linear regression analysis are also not rgjected by the data.

Subjective and ob]'eéﬁve, ordinal and cardinal

| Economic theory presumes that objeétive phenomena (e.g. numbers of oranges,
relatiire prices) have a natural cardinal metric (e.g. real numbers) whereas intlinsicélly subjective
phenomena (e.g.' consumerr utility) allow only ordinal comparisons (e.g. better- or worse)

especially intersubjectively®. This distinction is critical. While both cardinal and ordinal data

same as the OLS: the t-statistics with White are 11.4 vs 10.6 (bivariate) and 5.33 vs. 5.25 (full
multivariate). Second, in scoring variables, each coder recorded their subjective assessment of the
reliability of the score assigned. When these reliability measures were used to weight observations, the
results were roughly the same. And when, because of a programming mistake, we weighted the -
observations by giving more weight to the less reliable observations, the coefficient point estimates were
still the roughly the same. This is perversely reassurirg: under the assumptions for consistency of OLS,
weighted least squares estimation is also conmsistent for any set of weights, even the exactly wrong
weights. ' ' '

¢ Ordinality stems directly from the basic theory of mapping a binary preference relation into a utility
index. The restrictions imposed on the preference relation (complete, reflexive, transitive) imply that
once a given utility index is derived any monotone transform of that index equally well represents the
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can rank phenomena, only with cardinal data can numbers be Vtabulatedr and values of ther
phenomena being _mwured be compared directly. - Most common statistical techniques (like
correlations or linear regression) cannot be applied to ordinal data”.

However, the data used inr this analysis crmtéd by the systemaﬁé case reviéw
method are subje;:ﬁve, yet cardinal. Our daté on rural water pr_ojects is doubly subjective: the
qrigirial i)mj ectrevaluatc-n' squectively aésesﬁed a.nddescﬁbed the amount of participaﬁon in eacﬁ
project; a codér later read the evaluatqr’s report and subjectively asmgned a level of participaﬁon
to that project. If this process generated ordinal data, empirical analysis wdﬁld Be difficult. Bﬂt
note that in everyday life, we observe many events which generate subjecﬁve, cardinal data

_Contests are the xﬁost obvious example. When hogs, figure skaters, or bodybuilders compete
~ judges assign cardinal scores to subjective criteria: "quality of coat” for hogs; “artistic
impression" for ﬁgufe skaters; and "muscle tone” for body builders. Grades for racademicr
papers are anoth;:r familiar exainplé: a professor’s shbjective evalixation of a humanities paper
is givéri a cardinal Score. In each case, these subjectively assigned scores are added, averaged,

tabulated m ways only appropriate to cardinal data. Of course, the judging and grading criteria

same preferences.
7 For instance is x were an ordinal measure of participation 'tht_',n estimating the linear model
y=P*x could produce different results than estimating y=B*fx) , R) amonotone transform of

x, even though x and Ax) would repr&sent exactly the same information. Therefore any statistical

procedure that relied on summing observations (or any comparison of the magnitude of the distance
between observation) would be invalid for ordinal data. '
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are created to achieve inter-subjective consensus®. Thus, the question for this data set on
characteristics of water prdjects, is not whether the data is subjective, but whether the

subjectively cardinal scores are reliable.

, Inter-ﬁub]'ecﬁ;re agreement
| Since project variables were scored from the same documents by ﬁo independent
coders, the coherence of their separate scores illuminates the overall reliability of the variables.
Table 2 presénts two xrieasurgs of the cross coder agréement. The coﬁehﬁons fbr ﬂle two major
variables (column 1) are St:ildngly high: over .9°. The average absolﬁté value of the différénce
in the scores (column 2) is quité srﬁall: most scores either agree or differ by just 1 point. For |

each of the two major variables, the coders disagreed by 2 or more points on only one project.

- Table 2: Cross coder reliability
Correlation between coder | Average absolute difference
Aand B of scores (1 to 7 scale)
Overall project effectiveness 95 .36
Overall beneficiary .92 S5
participation

This high degree of inter-subjective consensus has two important implications. |
1t creates a prima facie case that the characteristics of the project could be reliably gauged from |

the project documents. The high correlation also places a relatively tight bound on the

* This does mean that judging requires training to achieve this level of inter-subjective agreement.
For instance, there are contests for the judges in which those training to be livestock contest judges are
themselves judged on the degree to which their subjective judgements conform to those of established
judges (Herren, 1984).

® The reliability was much less for some other variables in the data set.
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magnitude of measurement error: a correlation coefficient of 9 implies that the noise from

measurement error is roughly 10 percent of the variance of the observed variable.'°

Testing linearity or cardinali
| ' We examine the implications of cardinality in two ways. We treat the data as if
it were ordinal, using dummj variables for each participation category. We also test linearity
of the relaﬁonship—ﬁ/hich imposcs even sn'ongerr conditions than cardmahty Oof course, these
techmques do not "prove” cardmahty of the data but they both show that the basic results on
beneficiary parhmpanon are not affected either by allowing for the p0331b111ty that the data are
ordinal or by our funcuonal form assumptions.
| A first prooedure treats both the pcrformance and the participation data as ordinal.
For both project performance and oa:ﬁdpaﬁon, a binary variable tak_es a value of 1 if the score -
is high (> 3.5) and O otherwise. This proccdure is valid even if the data weife ordinal; binary

variables would be unaffected by monotone transforms!. The final column of table 3 reports

10 That is if two observations differ by only measurement error then the correlation between the two

2
g .

observations 5 p = x -, where a2, is the variance ofthe "true” varible and @,
(‘/62.+a *ﬁz.w')
x - E4 x €,

is the measurement error variance for coder A(B). If both coders measurement error is equal

2

. o
02‘ = o:. = oz a correlation of .9 implies the ratio of measurement error to true variance ——zf-
, o,
is about .1.

1 Although this procedure is valid if the data are ordinal if the data are in fact cardinal this
procedure is very inefficient-as it throws away all of the information about variation within each of the
two performance categories.
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thé résuits of this linear probability regression'. The performance-participation effect remains
evident with this transformation of the data. | |

A second approach argues thatr if fhe participation data Weré in fact ordinél, one
would not expect to find a linear relationship between the two variables: the "true” underlying
| ordinal relationship variables would hot be invariant with respect to arbitrary transformations
B (é.g., squaring) of the data. Table 3 presents one test of linearity: allbwing for a slope shift

depending on the value of 'panicipation. When participation is low (< =3.5) the slope would

be @, while when participation is high (>3.5) the slope is rplr +B, - Although the

estimates do suggest the mcremental 1mpact of pa.mmpanon is larger at h1gher levels (slope of
466 vs .78 1), this difference is not statlstlcally mgmﬁcant (a low t-stansuc and a decluung
adjusted R-squared). Incrmses in parhclpauon have roughly the same unpact along the mnge

from Tow to hlgh parhmpahon ,

2 We could have used an estimator more efficient for binary dependent variables (such as logit oc
probit) but the linear probability model produces a consistent estimate which is sufficient for our
purposes. :
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Table 3: Tests of linearity and furctional form
Linear ‘Linear with |  Binary Binary variables
' kink | variable for | (both OPE and
each OBP OBP)*
category
Participation coeff. | .623 1 .466 , ' 552
(t-statistic) (10.6) - (3.007) : 7 (7.34)
Change in slope 315
(OBP>13.5) : (1.33)
OBP< =1.5 T 2.55
1.5< OBP< =2.5 ' - 13.06
2.5< OBP<=3.5 ; - 3.59
3.5< OBP<=4.5 : ' 4.25
4.5< OBP<=5.5 7 ' 5.16
5.5< OBP 7 7 7 5.74
o 481 480 a4 ] .306
R o | |
Note: a) The binary moedel is estimated as a linear probabxhty model. b) The R-squared is not comparable
between the linear regress:ons and the binary model. .

A third techmque treats participation as if it were brdlnal while treating
performance,as cardinal. Each discrete level of the participation variable is entered into the
performance equation as a dummy variable: D1=1 if OBP=1, 0 otherwise; D2=1 if OBP=2;
etc.”” This functional form imposes no a priori constraints on the effect of the independent
variable. The resﬁlt's in table 3 show a sfrong participation effeci—performance increases for
- each dufnmy variable—without any sﬁong indications that thls statistically unconstrained fit is

tremendously superior to the imposition of linearity. The incremental impact from category to

- B Although since the averages of coders responses were used, the numbers are not always mtegers
ranges for the variables were specified to generate these dummy variables.
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category (from the differences in the coefficients) ranges from .5 to 75 , Toughly equiiralent to
the overall linear slope of .623. |

Thus, the subjective nature of the data per se appears to have no intpact on the
result: high inter-subjective reliability of cardinal was achieved, and the results appear to be

broadly consistent with a simpie linear model.

III) Halo effects

- A potentially more serious problerh than the data’s intrinsically subjective nature
is that either the 1mt1al evaluator of the projects or the coders themseivec succumbed to the
: plaus1ble assumptlon that all good things go together the *halo effect" ¥ The halo effect
occurs when the measurement of the variables are affected by the observed state of the other
variable. This systemauc measurement error will induce an association between two subjectively
measured vanab[es even in the absence of any 'tme _relationship between the underlying
variables. In our study the halo effect may occur at two stages The evaluators may have :
falsely attn‘buted parucxpauon to successful projects (or vice versa) or the coders—mdmg the
project documents searching for evidence of project participation—may have been affected by

their simultaneous assessment of project success (despite their efforts to remain objective). The -

“ ‘This psychological tendency associate all good things go together has been discussed in 2 number
of fields. In particular, there is a large literature in the human resource management about the halo effect
problem in performance assessments in which outstanding performance in one dimension or characteristic
(even a potentially irrelevant characteristic such as physical attractiveness) may tend to bias upwards

- evaluation of other dimensions or characteristics. Hammermesh and Biddle (1993) find that plain people
make about 5 percent less and attractive people five percent more than persons of average attractiveness.
However, for a recent dissenting view on the importance of halo effects in performance evaluation, see
Murphy, Jako, and Anhalt, 1993.
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second is particularly dangerous: in this study the two coders knew the purpose of the empirical
exercise and may have had some sti'ong prior beliefs as to the expected outcome. - | ,

There is nothing we can do about the potential ,'ltalo effect” of the original |
evaluations. We do know that the project reports 'wére regular parts of institutional etraluation |
cysle and that it is doubtful that ther ﬁnancmg agencies had a particular stake m promotingr |
participation. It could also be expected those many different individuals writing the project |
documents would have had widely dlfferent beliefs about the 1mportance of parhmpahon S0 that
a umfonn bias in the first hand assessments would be unlikely.

As for the potentlally serious "halo effect” in the coding process, we explore three
avenues to address therproblem.' Note that the results in table 2 are based on the a\terage of the
two coders assessments. Alternatively, we estimated the same models using only data from
~ coder A and from coder B. D1fferenc&s in these two assessments may reflect differences in the
"halo effect” between the coders. Seoond in the same models, we used coder A’s assessment
of the explanatory vanables (including OBP) with coder B's assessment of the dependent variable
(OPE). Since coder A’s assessments of participation and the other potential determinants are
not affected by coder B’s perfornlance assessment, this should reduce the halo effect bias
(although the confounding effect of pure mmsurernent error in the coder’s assessrnents will be
important), ,'fhird, the coders crmted smne project performance indicators that, by their nature,
are more objéctive than others. . If they were present halo effects would be more likely for the

more subjective indicators.
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Results by and across coders |

7 - Table 4 sdes therrregression results with'r the average values, only the values of
‘coder A, only the vﬁlues of coder B (columns 1, 2, and 4 respectively). The differences in the
‘both bivariate and multivariate result are very small. Table 4 also shows th: corresponding

results of the cross-coder tests: column 3 show A’s outputs bn B’s iﬁputs; column 5 shows B’s
outputs on A’s inputs. Again the results are substanﬁa]ly the same. In the bivariate and
' mulﬁvariate_ models the coefficient does xiot systematically change, whether we use the avérage '

of the coders’ séores, each coder’s own scores, or one coder’s dependent variable scores on the

other coder’s independent variable scores.

~ Table 4: Basic results by average coder value, coders A and B respectively;
~ regressing overall project effectiven& (OPE) '
on overall beneficiary participation (OBP)
OPE on OBP Averagesof | AonA | AonB | B-nB | BonA
Aand B ' ' -
Bivariate 1 0.62 10.60 0.62 |o0.60 0.57
- (10.6) (10.) J@0.3) |0 |63
IN 121 111 116 |111 116
| R? 1 0.49 0.49 048 | 0.46 0.43
Full multivariate | 0.24 0.23 0.26 0.21 0.25
' (3.8 - |8 Q21n 1@ @D
N : |68 - | 37 46 46 37
| r2 | | 0.8 0.94 0.85 0.89 0.94
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How reassuring are these cross-coder results? The following equations are
helpful. Let’s say that A’s observation on project pcrforrnaxicﬁ is the "truth” plus some random

noise (), plus an upward bias based on A’s observation of participation:

D | 'OPE, = OPE" + 8,+0BP, + ¢,

Coder A’s observation on participation is just the "truth® 'plus fandom endr:
8) ' ; OBP, = OBP*+,

In this case, the coefﬁclent of regressing performance on parumpauon will be biased up by the

"halo effect". If the true structural relauonshxp were:

9 OPE = B+OBP + ¢
the estimated coefficient would be:
- 10) , B+3

so that even if there were no structural relationship between the "true” variables ( B - 0 ) the

estimate of the participation effect could be spuriously positive due to halo eﬁ'ecfs.
| Given this back.ground, why does having another coder matter? If the
observations—and scoring—of pérﬁcipaﬁbn were completely objective, using a second coder’s

data would have no effect: A’s and B’s observations on participation would be identical (OBP,

= OBPB) and if the degree of halo effect was similar (3 , = 8,  the bias on perfoimance
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-data would have no effect: A’s and B's observations on participation would be identical (OBF, )

= OBP,) and if the degree of halo effect was similar (3, = 3,) , the bias on performance 77

'woﬁld be equivalent. If the observations of participation are subjective, theh the “halo effect"
bias shduld be lessr using cross coder data because the pure subjective componént of B’s
assessment does not affective the bias in the performahce measure. Howevgr, tb the extent the
performance is truly subjective this argues against the inter-subjective rehabxhty above and
induces downward bias m the estimates due to classical mésurement error.

Table 5 shows Monte Carlo simulations of the combined effects of the “halo
effect” bias and of pure measurement error, using differént assumpﬁon§ aﬁout the relative
strengths of the two effects. Unfortﬁnately, these simulations show that both underestimation
7- and overestimation are possible when coders scores are chsse'd,' depending on the ratio of the
two effécts. With large measurement ermr (the final C(ﬁlumn), crosSing the coder mldng§
should produce lowef est.xmates thah using the rankings of a single coder for all possible
streﬁgths of "halo effect" for inputs and outputs with no measurement error (the first columns)
rand high degrees of the "halo effect”, crossing the coder rankings does not help, it produces the
same estimates (with a similar uvpward blas) | |

Evidence from the relatively high inter-subjective reliability (as well as the

instrumental variable results below) suggests low but non-zero measurement error, — is '

from .1 to .25. Inr this range of measurement error (columns 4 and 5), one would expect a
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modest but significant change in estimates when crossing coder’s OPE and OBP ra.nkings if the
"halo effect” was strong. The lack of consistent downward movement of the esﬁmates (in the
multivariate case they acmally ﬁse) suggest at least that the *halo effect” is not dominating the-

results.

Table 5: Results of Monte Carlo simulation of the combined
effects of measurement error and "halo effects" usmg cross coder

mformat:on.
Degree of measurement error
0 s 1.5
Degree 1 2 | 3 4 | 5 | 6 | 7
of E AonA]l]AonB|AonA|AonB|AonA]|]AonB
;;gi;. o 5 5 40 |40 |33 33
| awe) | (true)
25 s |25 |e |60 |58 50
s |1 1 e |s |8 |.e
1 1.5 1.5 1.4 1.2 |13 |10

Note: The results are the average estimates from 1,000 replications of 120
observauons each of the model:

y=p*x + ¢ B=5,x e~ N(O,1) , A(B)’s observations on the x variable are

subject to measurement error of the form: Xyp = x* + fk*y m » Where A(B)

indicates that A and B have different random measurement error of proportion k.
The observahons on the dependent variable y are determmed by

y =Y+ Sxx,p SO that the measurement error of A or B influences the

measurement of y by common "halo” factor of 3 .

Results by performance indicatg
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A second technique to evaluate the halo effect is to examine thé impact of
parﬁcipation on project performance indicators that vary m their objectivity. In addition tOVVOPE
seﬁeral more objective indicators of project success were coded;including "percentrof water
system in good céndition,"_ or "pércent of population target mched." To the extent ihat these
more objective phenomena are relatively less susceptible to halo overestimation,'ﬂie possible halo
effect bias should be reduced. - - - |
" Ifthe true coefficient were equal in the two models (which is not clear-see below),
the more objective ihdimtor should Ee system:—itimlly,lower than the upwardly-biased subjective -
indicator, Table 6 presents these results. There is no evidence that the moré subjective

~ indicators (such of OPE) have systematically larger estimated impacts. |

Table 6: Impact of participation by various indicators of performance
Overall Project - | Objective % of Water % of Target
Effectiveness Value of - System in Good | Population
' Benefits Condition @ | Reached
Bivariate
B on OBP | 0.62 0.53 , 0.54 0.29
tstatistics 106 | 103 | 64 | s
N 121 120 98 | 118.00
R2 0.49 0.47 029 | 0.19
| Full multivariate ' ' |

Bon OBP 024 027 0.29 0.25
tstafistic 38 {36 24 | $2.50
N ' 68 68 60  68.00
R? | 0.89 | 0.79 0.77| . 10.47
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The prior two sections have answered possible skepticism about the strong
statistical association between performance and parﬁcipntion aséociation.' Another line of
skepticism may accept the statistical association ben;veen participation and pe.i'fonna'ncebut deny -
this nssociaﬁon reveals cause and effect. In Vthis skeptical viev), rthe data do not show that
greater participation causes better project performnnce, simply that they happen torbe fe]ated.'
Indeed there are at least two good reasons that a performance-pa:ticipation association may not
. be causal. First, there could be " reverse causation": pro;ects that are exogenously better might
induce gr&ter beneficiary parhclpauon. This is sensible especlally when performance and
participation depend on a seqnence of actions. ~ Once it is clw ,that prOJect is failing, each
pdtential beneficiary mny be less likely to pa.rticipate because she perceives a relatively low
benefit from partlclpauon which is unlikely to alter thc pro;ect outcome.
| Second ]omt detemnnauon of pl'O]eCt success and beneficxary participation may
be driven by a third local or prOJect attribute. For example, if dynamxc leaders mduce both
project performance and parlicipatinn, peiformzmce and participation data will be strongly
associated—even without an independent causal effect of pa.rticipation on perfdnnnnce. While
we have tried to address this concern over spurious correlation with the "kitchen sink"” inclusion
of possihie performance detenninants, it would not take a very clever skeptic to name a large
st of excluded variables (and'some unobservable even in principle) that could affect both
performance and participation. We use three approaches to resolve the problems of reverse
causation and joint association and demonstrate a causal irnpact: insf.rumental variables estimation

techniques, timing, and case studies.
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In m variabl |

One econometric solution to the probiem of identifying a structural relatiohéhip
is estimation with Vinstrumentél_ variables. Instrumental vanables esﬁmaﬁbn' avoids the problem
| of the joint'detennination of Vthe independent and dependent variables by gliminating in the
estimatioh of the rcoefficients that part of the variation in the indepéndent variable which is due
to variation in thé dépendent vaﬁablé. The vehicle to eliminate that variation is a third variable
, (the instruments) which affects only the independent variable and not the dependent variable.
In order to do instrumental variables, we need a vanable that does affect
' parumpatxon but which does not affect directly, nor is affected by, performance. This variable
is used as our instrument to purge the participation variable of any performance—related '
component. | When the-participatioh effect is es',timated using only 'rthe part ;of participation
va.riétion that is éonelated with the vaﬁation in the instrument, the resulting estimate is free of |
-reversé causation: since better performance does not affect the instrument, thé reverse effect of
better performancé on participation is eliminated and cannot bias the results. |

Expreséed m equations, if the model is:

1 OPE = B + OBP + 327, + & W, +b+V,+€,

- 12) . OBP = asZ; + a *W, + eV, + 7,
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All V’s which are included in the participation equation (e, » 0 but excluded from the

performance equation,( 3 =0 ) are legitimate ixisu'uments. T'lie, V’s provide a source of

variation in participation that is exogenous to performance. On the other hand, neither the Z's
nor the W’s are vahd instrurhents: they directly affect both parﬁcipaﬁon and performance. -

To choose appropriate instruments, we need a positive model fer participation.
Hypetheses based upon the larger study of these water projects (Narayan 1994) (as well as -
theoretical literature on the detenninaats of participaﬁon) generated a set of equations to esﬁraate
the effects of participatin (Appendix tzble 1.3 shows the full “first stage” regressions). We
identify four vaﬁables as legitimate instruments: "extent to which i)articipation was a project
goal"; V"perc'ent' of investment costs beme by users”; "beneficiaries overall net benefits of
participation”; and "extent to which organization is based on local collectives.” We hypothesue
each of these phenomena may duectly affect participation, but should have no mdependent
direct effect on prqect performance after controlling for parhc:pauon |

In table 7, the OLS and IV results are compared—for both the bivariate and the
limited multivariate case'. The estimated impact of participation increases with IV estimates.
r'Eor instance, when "extent to which participation was a project goal" is used as an instrument,
the bivariate impact rises from .63 to .70; the multivariate rises from .28 to .34. Similar

results—the I'V producing a higher and statistically significant estimate--are observed for each of

15 The full multivariate case loses too many degrees of freedom. So while the results are empirically
similar they are less precise. :
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the instruments used sirigly“.' ‘When all instruments are used _togel:hef the impact in the |
bivariate case rises to .86 and o .37 in the limited multivariate case. .
What -do these IV estimates tell ﬁs? The basic smﬁsﬁcél relationship—-high
correlation between participation and performance~would aiso occur if better project
~ performance caused greater better participation: as clean water is delivered in the mﬂy stages
of a project, more potential beneficiaries may want td get involiréd. But if this were the causal
 story, the IV technique would cause the estimates to fall by removing this upward simultaneity
bias. The rising coefficients reported in Table 7 are consistent with causaility running from
higher pﬁcipaﬁon to better project performance in the presence of some measurement error.
| The VIV results allow us to compute an independent estimate the magnitude of puré

- measurement error. Even if the OLS estimator is inconsistent with measurement error, the IV

2

estimator is consistent and their ratio estimates converges to plim(ﬂ‘o’-"')—' —= . With
' ' Bry (0. + ":) ,

* the reported estimates, this ratio is between .8 and .9 (e.g. .63/.70 (vivariate) or .28/.36). The

2
ratio of measurement error to true variance _G;. is between .11 and .25: this is consistent with

o
x

1 Except for the multivariate case when “organization based on local collectives” is ﬁsed where the
coefficient drops to .15 and statistical insignificance (likely due to the low power of the instrument).
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(althoﬁgh somewhat higher than) the estimates of measurement error from cross coder reliability
correlations in table 2 above.

In using this technique, one would like to test whether the assumptions made in

- obtaining the IV restlts are valid. Note that since one variable may be endogenous—beneficiary

participation—-at least one instrument must be used to identify the model”. But if one
'instrumém can be unambiguously accepted—-that without argument it directly affects only the
independeht variable--then the validityr of any other instruments can be tested. Indeed, the entire

- set of instruments can be tested.

7 Heuristically the problem is that we need to test the exclusion of the instrument from the
performance equation. However, one cannot test the exclusion directly (say by a t-test of the inclusion
of the instrument) because in the presence of endogeneity the coefficient on the potentially endogenous
variable is inconsistent when not instrumented and hence the t-test on the instrument would be biased.

As a simple example say the model is ¥ = P*x + &*z + € and x is endogenous. Say there is a |
single potential instrument z, say X = 7*Z +1 . But z is a valid instrument only if 8=0.

However, this hypothesis can only be tested if there is a consistent estimate for B . Butif z is used

as an instrument for x, then the "instrumented” x is perfectly collinear with z (since the instrumented x
is just x projected onto z). But since the "instrumented” x is collinear it is obvious one cannot use z to

‘both recover a consistent estimate of P ~and to estimate & to test the exclusion restriction because
using only z both cannot be identified separately. Therefore sufficient "exclusion restrictions" (such as

8 =0 ) must be imposed a priori and the "just identifying" assumptions cannot be tested.
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Table 7: Instrumental variables estimates of the participation-performance relationship, dsing various instrument sels -

Estimation OLS "Extent Part. a | "% of Invest- | “Net benefits | "Organization based on *Prior . All
technique/ goal” ment costs by | of local collectives” commi(ment of ’
Instrument set : users” participation” ‘ clients"

Bivariate
coeff 63 .70 59 a7 74 97 .86
(t stat) (10.6) (10.2) (7.3) (10.6) (6.3) (7.54) (10.4)
N 120 120 113 120 98t 105 90
R-squared 488 482 476 .453 507* 378 521
Firststage R- | - 763 573 701 364 326 816
squared*

Limited Multivariate
Coeff 28 .34 32 .36 .15 39 37
(¢t stat) (5.25) (5.2) (3.6) 5.4) . 28) (3.00) (3.57)
N 77 77 75 77 66 72 63
R-squared .862 860 . 861 858 855 .863 865
First stage R- [.401°] 826 643 803 719 559 857
squared* ' ‘

Notes: a) Unadjusted R-squared of the *first stage regression of participation on the instruments (which in the multivariate case mcludes all variables in
the performance equauon)

b) Since the sample sizes are not the same the results are not strictly comparable in all ¢columns. In pamcular the IV R-squared are less than OLS R-
squared when run for the same sample.

c¢) This is the R-squared of participation regressed on all the Z variables which are included in the performance equation. ‘The increment to the R-
squared for each instrument can be calculated as the difference with this column. ‘ ‘ :




We believe that "extent -to which participation was a goal” is the most plausibly
éxogenous variable among -individual- insu'umentS as there is no reason to believe that
participation as a goal-should by itéelf lead io better pérformance-except insofar as it actually
raised jﬁarticipation. When each of the ,othel;, instruments is tested, conditional on the validity
of this variable (using a Hausman-Téjlor test), ﬁre fail to reject the exogeneity of the 6ther
iﬁstruments in every case. When the entire,sét of instruments is tested, we do not reject the
validity of the insu'ument set in Veit'her the bivariate or rmultivariate mse‘_‘# Our set of

instruments do stand up to the available tests for instrument validity®.

Timin 7 7
‘Evidence on causality also can be observed from the timing of the project cycle.
If the association between participation and project performancé were not causal, we would see

no association between events that occur before project oompleﬁon—proximate determinants of

13 The value of the Sargan test with the full set of instruments is 7.03 (significance level .133) in the
bivariate and 5.24 (significance level .263) in the multlvanate estimates.

. Of course, the major objection to these tests is that they tend to be of very low statistical power
(that is, these tests will often fail to reject a hypothesis that is false). Therefore a "failure to reject” the
instruments cannot be taken as compelling evidence to accept the instruments.
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project perfornianceQ-and beneficiary paiﬁcipatio_n. Table 8 reports the impact of participation

Table 8: Impact of beneficiary participation on the proxlmate
determmants of project performance
' Bivariate Limited - Full
, multivariate | multivariate
| Quality of implementation | 0.53 0.17 0.21
o ©.3) @7 @.7)
Effectiveness of O&M 0.49 0.14 1011
: (7.4) (2.0 :  (1.1)
Maintenance after 1 year 0.43 - {016 0.18
: (6.6) 2.0) 1 (1.8)

~on quality of implementétion, effectiveness of operations and maintenance (0O & M), and
maintenance after 1 year. We find that in all but one (multivariate) caSe, beneficiary is a
statisticélly significant input to these proximate determinants. If project effectiveness were =

i causing participation rather than vice versa, we would not expect to see this result.

Cé.se Studies |

: Studies of individual cases help to further resolve questions of causality,
particularly when exogenous shifts in participation change project outcomés. Narayan (1994)
documents two such case studiés. Phase I of the Aguthi Rural Water Supply Project in Xenya
was implemented without community participation. The project was so plaguéd with problems—
construction delays, cost over-runs and diségreements over consumer payment methods--that it
_came to a standstill. At this point, the projeét was redesigned. The Aguthi Water Committee,

- working with local leaders and project staff, mobilized the community: after pui:lic stakeholder
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: _ coniferencec, community members organized and began contributing to the project. Phase II of
thc project was compieted on schedule and within _budget; the communities'cohtinued to pay
inonthly tariffs for the new water seivice, and operétioné and maintenance of the system was
handled successfully, in coo;ieration with the government liarastatal. |

| Thé WAS (Waniata, Air dan Sanitasi) piogram in Indonesia assisted community 7
_ groups to launch and rrianage their own waterr system. A water group in'thc village of Silla was "
formed in 1986 as WAS 'bcgan. Initially, they relied heavily on the anivai oi' a government
team to dig a bore hole, but none came. When they r&hzed rtiiat they could not rely on.
immediate government assictance, t.hc members increased their participation. Tliey negotiate:i |
water nghts W1th a neighboring group, collected building matenal and built three water tanks--
with only a small amount of outside assistance. By 1988 a new well was under construction,

financed by their own contributions. Eggplant and chilies—with water from the new tanks—were

flourishing in peoples’ yards.

Conclusion

We began by showing the existence in pro_]ect level data of a strong association
between project performance and beneﬁcmry part1c1pat10n We then addressed and answered
‘the three econometric obJections to these results. The subjectivity of the data is not an
overwhelming problem. The "halo reffect" does not appear to induce a strong upward bias.
Most importantly; there are strong arguments that thc participation and project performance
relationship is cause and effect. This paper, especially-togeﬂier with the more comprehensive

" work of Narayan, 1994, does provide development practitioners—including early and recent |



converts to the participatory apprnach-fwith strong smnsncal ﬁndings that increasin g participation
rdirectly cauées better pi'oject'perforinnnce. ' | |

Three questions which are important for praci:ice and policy are not explored here. First,
does participation ciirectly cause better projent performance across all sectors? One cahnot
blindly extrapnlaté the resuiis in this study across all sectnrs, since this data is only from rural
water supply projects. The economic characteristics of rural water as a good would seem to
promote the importance of direct beneficiary participation; these economic characteristics vary ,
across gimds provided by projects in other sectors. Second, what policy mstruments help',to,
achieve mnre effectine pnrﬁd;iaﬁon? rThé behavior of project beneﬁciarigs, staff in projeci
égennies, and other supplié_rs responds to incentives, but there is littlg documented experience
on creating incentives in public secior agencies for promoting and incoqiorating participation.
Finally, can experiences mth participation help to clarify the analysis of the deﬁciencies inherent
in éither a purely individualistic "markét" or a pufely ‘statist "government"™ approach to
deveiopment_? An'analytic approach tliat incorpdiatcs Vparﬁcipaﬁon_ might examine the various.
mechanisms whereby cooperative action by igi'oups can overcome the inefficiency of
| individualistic solutions-e. g, from “free rding" or stratégic (mis)revelation of private
'infdnnaﬁon-—while avoiding the limitations of centrahzed govémment. These "informal"
methods of coop_eration have been explored by a number of authors (Ostrom, Schroeder and

Wynne 1993, DeSoto 1989, Wade 1988) but much remains to be learned.
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Appendix Table 1.1:
Variable | Label : "IN Mean | Std. Dev.
Performance Indicators ' '
V24 Overall Project =~ 121 | 4.09 1.6
o Effectiveness o '
V90 Percentage of Water {9 (438 1.3
- | System in Good Condition | : R
773 Objective Value of 120 |42 113
, Benefits , B o ,
v33 | Percentage of Target 118 |49 L1
' Population Reached '
Participation Variable
| vios Overall Participation | 121 3.7 1.7
(OBP) | - —
' Fully exogenous performance determinants (Z)
\'5| GNP/Capita - na 519.8 389.3
V5 | Project Complexity 121 |33 12
Va7 Total Cost (LN) | 104 154 |15
V126 | Adequacy of Facilities [ 121 |45 |13
V127 Difficultiesin Staff |92 | 3.8 1.7
Recruiting ' I :
V94 Availability of Parts 115 |42 |15
V130 Objectives, Target 121 4.4 1.2
| ~ Other performance determinants (W)
Vi34 Appropriatenessof [ 121 @ [45 1.3
Technology =~ '
V66 | Supportof Government | 118 [ 4.6 1.1
V71 | Agency Understanding | 118 28 |09
V61 | Condiciveness of Political { 121 |32 |07

Context -




V62

V63

| ve4

i

V69

V128
vI29

| Conduciveness of

-+ Average Number of Users
- Competition From Other

‘| Management

Economic Context

Conduciveness of
Social/Cultural Context

Conduciveness of
Geol/Environmental
Cor_ltext

Sources -
Skill of Staff
Overall Quality of

121

121
121

117
109

111
120

3.22

13.5

3.2

3.2
34

4.6
4.2

0.7

0.7

09

1.1
1.5

1.2

13
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Appendix Table 1.2: Full multivariate regressions of project performance

Divarials - Multivarials inchusive of Pull multivariats inolusive
all Z varisbles (o Wh) ofall Z and W varisbies
oBp - 0.6 0.2 0.2
(vios) (10.6) (5-!) [} )]
Avalisbliity of Parts 0.37 044
v 0.6 ¢.8
Objoctives, Targst 0.22 0,04
vig) .9 04
Adogquacy of Facliities 0.14 om
vize) - a.n ©4)
GNP/Caplta +0,0003 -0,00008
V1) ¢1.9 ¢0.9)
Projoct Complexity (V5) 0,08 .07
) -1 0.9

Diffiouhis in Staff Rooruing 005 0.006
vi2m CL) ©.)
Total Cont (L) 0.04 0.08
(vaD ©.5 a3

Appropriaicoces of 'l‘e:hnolngy ' 0.19
Vi3 .3
Overall Quality of Managemcat 0.21
(v129) .9
Support of Government 0.10
(ves) 7 .y
Averago number of Usors -0.08
vnR) C1. 06)
Conduciveness of Economic Context 0.1
(v62) 09
Conduciveness of Geal/Envir. Coatext 0.1
(ved) -0.9)
Skill of StafT 0.08
(vVi28) 7 ©.9)
Agency Understanding 0.05
v7) ©.5)
Conduciveness of Political Context 0.03 -
(vel) ©.29)
Competition from Other Sources -0.01
(vé9) ’ : 0.2
Conducivencas of Soc/Cult. Context 0.02
{vé3) i 7 ©.n
N ]2! n (]
B 49 36 39
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- Appendix Table 1.3: Project participation "first stage" regressions -

Full v117 v55 vi24 v116 v67
v117 1 .24 .682 '
: (2.89) (12.9)
v55 1.07 .505
(.87) (6.51)
vi24 .248 .658
: (3.06) {11.8)
v116 A1 44
| (1.47) (5.83)
v67 .044 .49
(.452) (4.03)
Exogenous variables in the limited multivariate regression
| vs -.013 | -.034 .158 1.014 .068 151
(.191) (.431) (1.40) (.176) (.73) (1.19)
v47 -.098 -.019 -.169 -.029 -.14 -.286
(1.73) (.329) (1.93) (.474) (1.99) (2.86)
v126 .19 .181 .381 223 .354 382
| (2.22) (2.01) (2.98) (2.33) (3.15) (2.53)
v127 -.016 041 .004 -.011 -.052 .009
' (.323) (75) (.051) (.192) (.783) (.108)
v130 144 12 .142 .128 187 .129
(1.88) (1.36) (1.09) (1.38) (1.82) (.901)
v94 -.048 -.001 .009 -.086 .003 -.028
: (727 (.016) (.09) (1.11) (.035) (.238)
vl .00051 .00073 .00034 ©.00083 .00043 .00067
(2.68) (3.51) (1.12) (3.76) (1.76) (1.98)
N 63 77 - 75 77 66 72
R-squared | .865 .826 .643 .803 719 .559

Notes:
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