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Abstract

This paper uses a panel data set of microfinansstutions (MFI) across the world to
compare several identification strategies of cofficiency and economies of scale.
Concretely, we contrast the non-parametric Dataelpment Analysis (DEA) with the
Stochastic Frontier Analysis (SFA) and a distribotfree identification based on time-
invariant heterogeneity estimates. Furthermore, awalyze differences of production
functions across regions and investigate the ralsvaof accounting for unobserved
heterogeneity across countries. The results sugjggséfficiency rankings of MFIs are robust
across identification strategies, but highlight tteéevance of accounting for unobserved
heterogeneity. We further find substantial econenoibscale for a pure financial production
process. However, accounting for the multi-dimenaioproduction process of MFIs by
including a measure of outreach lowers the estidhatéent of economies of scale for the
parametric estimations, suggesting that producirigeach creates high transaction costs and
requires exploitation of local knowledge.
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1. Introduction

In 1976, Muhammad Yunus initiated a project thatilddoecome the Grameen Bank in 1983.
The concept of microfinance was born and receivedreasing attention over time,

culminating in a Nobel Price for Peace Yunus resgivn 2006. The concept had huge
success. With average annual asset growth of 39%eba 2004 and 2008, the microfinance
sector accumulated total assets of over US$6@billly 2008 (Chen et al, 2010). As a result,
microfinance increasingly caught the interest ofhbpolitical and financial actors, thereby
sparking demand for evaluations of microfinancéitugons (MFI).

Practitioners often employ an accounting-basea ratialysis. In order to develop standard
definitions of financial terms and ratios donor rges, rating firms and other organizations
working in microfinance proposed a set of 20 intticeirelated to productivity and efficiency,
such as loan officer productivity, operating experatio and cost per client (CGAP, 2003). In
an attempt to reduce the dimensionality of thewatadn, operating expense ratio and cost per
client were suggested as main criteria (CGAP, 28@&enberg, 2009).

However, evaluating MFIs using accounting-basemsdaces several severe disadvantages.
First, ratios provide information about efficiengy a single dimension only, hence fail to
capture the multi-dimensional nature of the promuncprocess of MFIs. As a result, they
provide no suitable framework or definition of eféncy (see, e.g., Brand, 2000; CGAP,
2003; Rosenberg, 2009). This disadvantage becomsparly crucial if multiple donors
with varying interests finance an MFI (Balkenhad0Z). Secondly, the employed ratios fail
to account for economies of scale and while compgaratios within categories of size
mitigates this problem to some extent, this apgrassumes linearity of economies of scale
(Worthington, 1998). Furthermore, such an apprasms not allow to pinpoint the optimal
scale of an MFI. Thirdly, ratio analysis does rawntify a best practice and hence provides no
benchmark to compare MFIs (Athanassopoulos anchBatle, 1995, Fluckiger & Vassiliev,
2007). It also uses a single input only, hence da#sinform about the trade-offs between
inputs and the optimal input mix. Fourthly, a comgan of ratios does not account for
unobserved heterogeneity due to e.g. differenceegulation, geography or demography
(Balkenhol, 2007).

Literally hundreds of papers study efficiency ofrsuercial banking in the context of frontier
analysis (see, e.g., Berger & Humphrey, 1997) foormprehensive review of this literature).
However, only relatively few studies apply frontieneasures to MFIs. Using Data
Envelopment Analysis (DEA), Nghiem et al. (2006)dakliickiger and Vassiliev (2007)
analyze MFIs in Vietnam and Peru, respectively. yYpay and Ahmad (2006), Gutiérrez-
Nieto et al. (2007) and Bassem (2008) analyze Mfitiency in the regions South Asia,
Latin America and the Mediterranean zone, respelgtivFurthermore, Haq et al. (2009) and
Nawaz (2010) use DEA to compare MFI performanceossrregions. Employing the
Stochastic Frontier Analysis, Hassan and Tufte 1280udy branch data of the Grameen bank
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and Masood and Ahmad (2010) analyze Indian MFlgtafska and Mersland (2009) and
Hartarska et al. (2009) analyze a sample of MFI®sacthe world using SFA and a
semiparametric smooth coefficient cost functiospextively. Caudill et al. (2009) estimate a
parametric cost function of MFIs in Eastern Euraged Central Asia and account for
unobserved heterogeneity using a mixture model.

While most studies treat MFIs as banks, i.e. assarparely financial production process, a
few recent papers further account for outreachhas second output dimension in their
analysis of efficiency. Bassem (2008) include tbenher of female borrowers as an indicator
of outreach, while Hartarska and Mersland (2009 tlee number of active borrowers.

Gutiérrez-Nieto et al. (2009) calculate DEA effitdy scores including and excluding

outreach, measured by the number of female borsoaed the inverse of the average loan
size per GNI. They find that financial and socifficeencies display a significant, though

small correlation. The SFA employed by Hermes ef(2009) reveals a trade-off between
financial and social outputs, which are measureauasber of active borrowers.

This paper extends the existing literature on Mffitiency using an unbalanced panel data
set of MFIs across the world in a number of waysstFwe contrast three empirical
identification strategies of MFI efficiency, nameS8tochastic Frontier Analysis (SFA), a
distribution-free approach (DFA) proposed by Schimahd Sickles (1984) and Data
Envelopment Analysis (DEA). Contrasting these methagies further allows us to extend
the analysis of the appropriate production procgsscification of Gutiérrez-Nieto et al.
(2009) by comparing a pure financial and a muitieinsional production process model
across empirical identification strategies. Secpndie exploit the global nature of our data
set to analyze differences in the production pre@soss regions. Thirdly, we address the
relevance of unobserved heterogeneity. Concretedy,test the relevance of introducing
country-specific intercepts in our estimation ire thpirit of the true fixed effect model
(Greene, 2005a,b). Fourthly, we provide evidencthefeconomies of scale in the production
process of MFIs, allowing us to assess whetheeiigting MFIs have become too large or
remain too small to exploit potential economiesidle.

We find that the three empirical identification ad&gies (SFA, DFA and DEA) yield
comparatively similar results in respect to effig rankings, suggesting that parameterizing
the production function and using a distributiomasumption to identify MFI efficiency
increase the efficiency of the estimation. Furtheen we find that the production process
looks surprisingly similar across regions. Howewwmtrolling for unobserved heterogeneity
across countries affects efficiency rankings sultstly, suggesting that comparisons of
MFIs across countries need to account for thederdiices.

We further find that assuming a pure financial picitbn process suggests that virtually all
MFIs operate under increasing economies of scagéanimg that they should either grow or
merge in order to exploit this potential sourceetiiciency gains. However, accounting for
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the multi-dimensional production process lowersdbigmated share of MFIs operating under
increasing returns to scale substantially. This hiniguggest that producing outreach
represents a source of diseconomies of scale dtrarieaction costs and the relevance of
local knowledge. However, the non-parametric DEAntcwmes to indicate increasing
economies of scale for all MFls.

The second section describes the data and the pedplmethodologies. The results are
discussed in section three and section four coesltite paper.

2. Data and M ethodology

Based on the MixMarket databaséttf://www.mixmarket.org) this paper uses an

unbalanced micro-level panel data set of 796 mitaoice institutions (MFI) across 88

countries in 6 regions between 2005 and 2009. Adtieninating observations with only a

single observation across time or missing valu8832observations remain in the sample.
Table Al in the appendix provides details on trstritiution of observations and MFIs across
countries and regions.

We present the results of two alternative outpuwdcBgations. The first estimates a pure
financial production process, where financial ottpafers to the gross loan portfolio. The
second model additionally entails a measure ofeastr depth, thereby capturing the social
dimension of MFI output. Concretely, the multi-dinséonal production process models
include the inverse of the average loan size pert@Mccount for outreach (Gutiérrez-Nieto
et al., 2009).

Inputs contain personnel and total borrowings. Theesponding prices refer to operating
expenses per personnel and financial expensesopar Horrowings. Finally, following
Hartarska and Mersland (2009), we include loan itualr risk in our vector of control
variables, measured as the provisions for loan immgents in relation to the gross loan
portfolio. We normalize all variables by the medidiable 1 provides summary statistics of
the employed variables.

Table 1 about here

This paper contrasts three identification strategie efficiency, namely Stochastic Frontier
Analysis (SFA), a distribution-free approach (DR#pposed by Schmidt and Sickles (1984)
and Data Envelopment Analysis (DEA).

The SFA framework identifies efficiency via a distrtional assumption (Aigner et al. 1977,
Meeusen and van den Broeck 1977). Concretely, dhelplata SFA proposed by Battese and
Coelli (1995) assumes that inefficienay, follows a half-normal distribution, i.e; = |U|,
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with U; ~ N(Og,). The dimensions i={1,...,I} and t={1,...,T} denote 1% of observation and
time, respectively. Assuming a translog-form of fgireduction process, the estimated cost
function becomes

. R 1 R R M-1 .
Cit = aO +at +Zﬂr In yrit +EZZﬂrs In yrit ln ysit + Zym ln pmit
r=1 =1

r=1 s=1 m
1 M-1M- . . 1 & M1 . (1)
+§zzymn|n Prit In Pt +Ezzo_,m In Yiit In Prit +¢In I’iSkit +u, tV,
m=1 n=1 r=1 m=1

where C‘ and p,, denote total variable costs and input prices nbzed by i,
respectively. ConcreterC; =C,/p,, and p..=P../ P - Yt Captures the r outputs,

namely gross loan portfolio for the pure finangabduction process model and gross loan
portfolio and the inverse of average loan size @il for the multi-dimensional production
process model, respectively. Furthermore, we irelin@ natural logarithm of risk. The error
term vi; follows a normal distribution with mean zero an@nslard deviations,. Time
dummiesu; capture unobserved heterogeneity across time.

The methodology developed by Jondrow et al. (1®82ks out inefficiency scores according
to

_ oA | #Az) _
E[Uit |£It] _1+/12 L.—(D(Z) Z} (2)

where z=g A0, A=0,0,' and o =,/0’ + o’ . Efficiency refers to the exponential of the
negative inefficiency estimate, i.eff, =1/expuv, . )

In order to evaluate the stability of our estimatesoss regions, we complement the estimates
for the whole sample (SFA) with estimates for eeaion (SFA-R). Finally, in the spirit of
Greene (2005a, 2005b)we account for unobserved heterogeneity in theepdata SFA by
including country specific intercepts;, and denote the resulting estimator FE SFA for the
whole sample and FE SFA-R for regional estimaespectively.

The distribution-free approach (DFA) proposed byiSidt and Sickles (1984) models the
production process as in the SFA methodology, agssumes a translog cost function.
However, the methodology differs in respect to ithentification of efficiency. Instead of

relying on a distributional assumption, the DFA lexs the panel nature of the data to

2 Unfortunately, the true fixed effect estimatorttbatails a dummy for each MFI does not converge.



estimate individual intercepts for each MFI andeiptets the deviation from the smallest
intercept as inefficiency. Concretely, we estimate

R

R
Ci: = ai + at + Zﬂr In yrit ZZﬁrs In yrlt In ysn + Zym ln pmlt
r=1 s=1 m=1
3)

M-1M -1 R M-1

- zzymnln pmlt ln pnlt zz ln yrit In p:nit +¢|n riSkit +Vit

m—l n=1 r=1 m=1

and calculate efficiency as

eff =1/expv,) =1/ expE(min(a,) —a,)) 4)

Beside of comparing efficiency estimates acrosshodtilogies and region, we also contrast
estimates of economies of scale. For the SFA aadtA, we follow Baumol et al. (1982),
Kim (1986) and limi (2004) and calculate econonuéscale as

1 1

_ 1 _
SE= S, S (eciav)iC/Y)” S (@incrany,)

r

(5)

wheren, denotes the cost elasticity of output r.

Finally, the cost-minimizing model of the nonparaneeData Envelopment Analysis (DEA)
with variable returns to scale solves the minimaraproblem given by (see e.g. Coelli et al.
2005):

min, - pB'X,

s.t.to-Yy, +YA=0,
X —XA=0,
11A=1
2120

(6)

Y and X denote matrices of outputs and inputs,eetyely. Total cost efficiency is obtained
by calculating



eff =p'x/p'x 7

In order to evaluate the economies of scale, we amnadditional DEA that instead of
assuming variable returns to scale imposes nomasang returns to scale, i.e. changes the
restrictionl1’2=1 in formula (6) tol1'A<l. If the two estimates turn out unequal, the firm
exhibits increasing returns to scale.

Table 2 about here

A detailed discussion of the strengths and wealeses$ these three methodologies goes
beyond the scope of this paper (see, e.g., Murd@)4 for an overview). This paragraph

summarizes the main arguments. First, unlike th& 0ioth the SFA and the DFA require an

assumption concerning the functional form of thedpiction process. The SFA further

assumes a particular distribution of inefficienay.short panels, the DFA suffers from the

incidental parameter problem (Lancaster 2000). @&/tie DEA alleviates these issues, the
deterministic nature of its frontier ignores anyasgrement or specification error and makes
the estimates susceptible to outliers. Furthermtime, DEA suffers from the curse of

dimensionality and enriching the specification, .eigtegrating panel data, is not

straightforward.

3. Reaults

Tables A3a, A3b and A3c in the appendix displaydstmation results of the SFA and DFA
approaches, allowing us to asses the adequacy @conometric strategy and production
process specification. Concretely, the resultsahld A3a support our production process
specification in the sense that the coefficienteutputs and price of borrowing have the
expected positive sign. Furthermore, the coeffisief gross loan portfolio and the price of
borrowing remain stable across the displayed metlogies, i.e. the panel SFA, the panel
SFA including country fixed effects and DFA approdor a financial and multi-dimensional
production process specification. As Bernstein G)@hd Hartarska and Mersland (2009), we
find that risk increases variable costs, thoughcthefficient remains insignificant in the latter.

Tables A3b and A3c show the estimates of indiVighamel SFAs for each region assuming a
financial and multi-dimensional production processpectively. Columns 1-6 do not account
for unobserved heterogeneity across countries whbilemns 7-12 present estimates including
country fixed effects. The coefficients of grosarigortfolio remain stable across
methodology and region, though they turn out sonagwfgher in the regions East Asia/
Pacific, Europe/ Central Asia and Latin Americawdwoer, we find some variation in the



coefficients of outreach depth. Concretely, theffoment remains substantially lower in

Africa and South Asia. This implies that producmgreach depth is cheaper in these regions,
thereby suggesting that transaction costs are ldweespect to risk, our results suggest that
variable costs in the regions Europe/Central Asiin America and Middle East/North

Africa increase in risk, but not otherwise. Coritrg) for unobserved heterogeneity between
countries doesn't affect these results. Howeveg,tduhe small sample size, the share of
variation in the error term explained by ineffiocdy(gamma) turns insignificant in South

Asia after including country dummies.

Table 3 presents mean efficiency estimates acresisatiologies and regions. The results
display substantial heterogeneity in the estiméeel of efficiency across methodologies.
Concretely, in accordance with Greene (2004), th& Rsults including country fixed effects
yields the highest estimates, as the country dusimight snatch up parts of inefficiency.
Since the DFA methodology assumes that all timevilant heterogeneity corresponds to
efficiency, it results in the lowest efficiency iesates as proposed by Greene (2004). Hence,
as expected, the DFA efficiency levels differ draoely from the efficiency levels based on
the SFA. The DFA results correspond closely toe¢hafsthe entirely non-parametric DEA,
reflecting the fact that the DEA treats all prodvity differences as efficiency. This pattern of
efficiencies across methodologies emerges for adiancial and multi-dimensional
production process model. As expected, the estarefteciencies are higher in the multi-
dimensional case. This difference appears mostopieed in the case of the various SFA
estimates, while the distributional-free DFA andA&pproaches suggest a similar level of
efficiency for both production process specificaio

Table 3 about here

A comparison of regions based on a financial pridogrocess suggests that on average,
efficiency is highest in Europe/Central Asia, folled by Latin America and South Asia.
Africa and Middle East/North Africa constitute thext group of regions and East
Asia/Pacific features the least efficient MFIs. $amy, Nawaz (2010) finds that MFIs in
Middle East/North Africa and South Asia are ledgcieit than African MFIs. While Hassan
and Sanchez (2009) also find a high efficiencylleé&outh Asian MFIs, their results
suggest that those operating in Middle East/NoffiiicA and Latin America display similar
efficiency levels. Furthermore, our results areabltg consistent with those of Hassan and
Sanchez (2009).

Accounting for the multi-dimensional production pess of MFIs suggests three groups of
efficiency levels, which is highest in Europe/Cahtksia and Latin America followed by
Africa and East Asia/Pacific, while the Middle Hakirth Africa and South Asia form the



bottom. Hence, regional efficiency level estimatepend strongly on the choice of the
production process, reflecting differences in tbsts of producing outreach, e.g. due to the
relevance of transaction costs and local knowleddlee production process.

Table 4 displays the spearman rank correlationsdesi the efficiency estimates for the
whole sample as well as for each region separdtelytder to facilitate the comparison, we
use the average efficiency values over time for DEdtthermore, we calculate correlations
to regional SFA estimates as the average corralatithin each region (see Table A4).

Table 4 about here

These results show, that the SFA for the whole $amgrely differs from estimates based on
regional subsamples, which doesn’t surprise gitahproduction function estimates
remained stable across regions. The only excefgitre multi-dimensional production
process in the region Middle East/North Africa, wehthe correlation for SFA and FE SFA
with their regional counterparts still reaches (a8 0.67, respectively.

Table 4 further allows to assess the adequacyeadiigtributional assumption of the SFA by
comparing it to the parametric, but distributiordrDFA approach. Since the spearman
correlations exceed 0.95 in every region, our figdisupport the use of the more efficient
SFA methodology. However, the DFA merely relaxesdrstributional assumption of the
SFA but remains to parameterize the productionrneictyy. The DEA on the other hand
provides fully non-parametric estimates of effidgnAgain, these results suggest that the
econometric assumptions underlying the SFA appraaplear to hold in this setup.
Concretely, we find that the average spearman letioe between DEA and SFA amount to
0.94 and 0.88 for the financial and multi-dimensiloproduction process, respectively.
Inspecting the correlations within each region ed¢s¢hat the lowest correlations of 0.73 and
0.77 for the multi-dimensional production proces&ast Asia/ Pacific and Latin America
remain very high.

Furthermore, comparing a simple panel SFA to aespwnding model that includes country
dummies allows to assess the relevance of unolbéeterogeneity across countries. The
overall spearman correlation amounts to 0.48 aBd far the financial and multi-dimensional
production process, respectively. These relatile@hycorrelations suggest that this model
feature is relevant, i.e. that differences in eegulatory environment, geography and
demography, affect productivity of MFIs substaryial his finding highlights the relevance
of research analyzing environmental influences &l &fficiency (see, e.g., Nghiem et al.,
2009, Hermes et al., 2009, Hartarska and Mers20@9, Nawaz, 2010).

Differentiating between regions reveals that unolest heterogeneity across countries
matters particularly for the Middle East/North Afairegion, where the spearman correlations
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drop to 0.08 and 0.29. However, accounting foraeagi differences in the production process
alleviates these problems to some extent as ttarsp@ correlations between the regional
SFA and FE SFA go up to 0.26 and 0.46. Howeverstistitutability of regional estimates
and country dummies does not apply for other regjiarnere the addition of country
dummies results in a similar correlation indepenadérvhether referring to a global or
regional production process.

Finally, Table 4 allows us to assess the relevafheecounting for the social dimension in the
production process specification. Similar to GuérNieto et al. (2009), we find a high
correlation between efficiency estimates includamgl excluding outreach. Particularly the
distribution-free approaches, DFA and DEA, shotlelivariation in the estimated efficiency
rankings, thereby replicating the stability of thestimators in respect to the estimated level
of efficiency. This finding suggests that good ngeraent practices in an MFI improve
efficiency in both the financial and social dimensi

In order to assess economies of scale for botmpetrec and non-parametric estimations,
Table 5 displays the share of firms for which thetmedology suggests increasing returns to
scale. Using a financial production process modggssts that all firms exhibit increasing
returns to scale across all methodologies. In otfteds, the analyzed MFIs are too small.

However, the results become less straightforwardtespret once we account for the multi-
dimensional nature of the MFI production proces® mon-parametric DEA remains to
indicate that all MFIs operate under increasingmrest to scale. This finding aligns well with
the correlation of 0.97 between efficiency estimaitfinancial and multi-dimensional
production process, i.e. indication that the DEsutts depend little on the production process
model. The results of the DFA indicate that 619%/6fls operate under increasing returns to
scale. While this value lies substantially below i00% estimated for the financial
production process model, it remains to be relgtiiggh. The results based on SFA on the
other hand suggest a much lower share of firmsatipgr under increasing returns to scale.
Concretely, the estimated share lies between 3@/a8%b for the SFAs that do not account
for unobserved heterogeneity and drops to 21% 4#@ f&r estimates that include country
dummies in the estimation. A potential explanatitight be that producing small loans
represents a source of diseconomies of scale duansaction costs and the relevance of
local knowledge. These results highlight the reteeaof accounting for the multi-
dimensional production process of MFIs and sugtpedtwhere MFIs attempt to take
advantage of economies of scale, they need to didaptrganizational style in a way that
allows them to account for the specificities of tbeal market.

Analyzing differences in the estimated relevanceaanomies of scale suggests that local
knowledge is the least important in Africa and BgbCentral Asia. The results remain
unstable across methodologies for Middle East/INAftica and South Asia, but suggest that
local knowledge has very high importance for EasibAPacific and Latin America.
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Table 5 about here

4. Conclusions

We have exploited an unbalanced panel data setcobfimance institutions across the world
to assess the stability of efficiency estimatessemethodologies and regions and find
relatively stable results. However, our findingghiights the importance to control for
unobserved heterogeneity across countries. Expldhi@ reasons for this unobserved
heterogeneity and pinning down its determinantspatdntial remedies provides a promising
route of continuing the analysis of MFI efficiency.

The paper also explores economies of scale in tbefimance sector. The findings based on
a pure financial production process model sugdnedtall MFIs operate under increasing
returns to scale. However, accounting for the rrditiensional production process lowers
the estimates of the parametric methodologies, estgygy that producing small loans
efficiently requires access to local knowledge. €stmates of the non-parametric DEA are
not affected though.
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Tables

Table 1: Summary Statistics of Outputs, Inputsgé&iand Costs

Variable | Definition Obs Mean Std. Dev. Min Max
ql Gross loan portfolio in million $ 2983 45.3 168 0.06 3040
g2 Inverse of the average loan balance per borrpereGNI 2983 0.06 0.09 0.0003 0.93
pl Operating expenses per personnel in million $ 8329 1.58 1.65 0.01 49.2
p2 Financial expenses per borrowings in $ 2983 GB31. 2859.09 0.01 134874
C Total expenditures in million $ 2983 999 3420 3.5 79000
Risk Provisions for loan impairments in % 2983 3.26 4.73 0.01 91.79
x1 Personnel in $ 2983 530.42 2079.66 2 38545
X2 Totalborrowings in million $ 2983 19 69.5 0.0Q00 2160

Table 2: Overview of Employed Estimation Techniqaed Identification Strategies

Pooled Estimates Regional Estimateg
Stochastic Frontier Analysis SFA SFA-R
SFA with Country Dummies FE SFA FE SFA-R
Distributional Free Approach DFA
Data Envelopment Analysis DEA
Table 3: Efficiency Means
Financial SFA SFA-R DFA DEA FE SFA FE SFA-R
Africa 0.23 0.42 0.07 0.11 0.58 0.59
East Asia/ Pacific 0.17 0.44 0.06 0.08 0.51 0.49
Europe/ Central Asia 0.39 0.34 0.13 0.22 0.60 0.67
Latin America 0.37 0.37 0.12 0.19 0.54 0.51
Middle East/ North Africa 0.21 0.35 0.07 0.11 0.62 0.70
South Asia 0.29 0.63 0.10 0.12 0.67 0.83
Total 0.28 0.39 0.09 0.14 0.56 0.57
Multidimensional
Africa 0.22 0.45 0.08 0.12 0.65 0.65
East Asia/ Pacific 0.22 0.55 0.08 0.10 0.65 0.68
Europe/ Central Asia 0.39 0.36 0.15 0.22 0.65 0.69
Latin America 0.46 0.45 0.17 0.21 0.63 0.62
Middle East/ North Africa 0.10 0.45 0.03 0.04 0.55 0.57
South Asia 0.14 0.45 0.05 0.05 0.62 0.60
Total 0.33 0.46 0.12 0.15 0.64 0.65
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Table 4: Spearman Correlations of Efficiency Estasa

grlrlmle Financial Din';/leunlgional
SFA SFA-R DFA DEA FE SFA FE SFA-R SFA SFA-R DFA DEA FE SFA FE SFA-R
Financial SEA 1.00
SFA-R 0.96 1.00
DFA 0.98 0.93 1.00
DEA 0.94 0.87 0.90 1.00
FE SFA 0.48 0.59 0.48 0.42 1.00
FE SFA-R 0.56 0.61 0.56 0.49 0.95 1.00
Mult-Dim | e 0.88 0.83 0.88 0.83 0.31 0.44 1.00
SFA-R 0.84 0.87 0.83 0.75 0.46 0.47 0.95 1.00
DFA 0.89 0.84 0.92 0.81 0.35 0.46 0.97 0.91 1.00
DEA 0.91 0.83 0.89 0.97 0.37 0.46 0.88 0.79 0.85 1.00
FE SFA 0.41 0.52 0.43 0.36 0.86 0.85 0.37 0.51 0.41 0.36 1.00
FE SFA-R 0.50 0.53 0.51 0.43 0.80 0.84 0.52 0.56 0.51 0.44 0.91 1.00
Notes: Correlations with regional estimates repretee average correlation across regions (seee ). Correlations with DEA are calculated baseawerage efficiency scores of DEA across time.
Table 5: Share of firms with increasing economiescale by methodology and region
Multi-
Financial Dimensional
SFA SFA-R DFA DEA FE SFA FE SFA-R SFA SFA-R DFA DEA FE SFA FE SFA-R
Africa 1.00 0.96 1.00 0.99 1.00 0.96 0.63 0.82 0.90 0.98 0.45 0.69
East Asia/ Pacific 0.98 0.94 1.00 0.98 0.99 0.94 0.21 0.26 0.57 0.98 0.10 0.14
Europe/ Central Asia 1.00 1.00 1.00 0.97 1.00 1.00 0.48 0.49 0.76 0.97 0.42 0.48
Latin America 0.99 0.99 1.00 0.96 1.00 1.00 0.21 0.07 0.55 0.96 0.13 0.02
Middle East/ North Africa 1.00 1.00 1.00 0.94 1.00 1.00 0.13 0.50 0.40 0.94 0.09 0.59
South Asia 1.00 0.97 1.00 0.99 1.00 0.97 0.16 0.66 0.43 0.98 0.09 0.10
Total 1.00 0.98 1.00 0.97 1.00 0.98 0.30 0.39 0.61 0.97 0.21 0.24
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Appendix

Table Al: Distribution of Observations across Coestand Regions

Region/Country #MFI # Obs| Region/Country #MFI # Obs| Region/Country #MFI # Obs
Africa Europe/ Central Asia Middle East/ North Africa
Angola 1 3| Albania 6 22 | Egypt 9 35
Benin 8 26 | Armenia 9 36 | Jordan 7 24
Burkina Faso 2 5 | Azerbaijan 15 53| Lebanon 1 2
Burundi 1 Bosnia 14 66 | Morocco 9 35
Cameroon 4 14| Bulgaria 8 23| Palestine 4
Chad 1 2 | Croatia 1 2 | Sudan 1
Congo, Dem. Rep. 1 3| Georgia 8 33| Syria 1
Ethiopia 14 48 | Kazakhstan 5 18] Tunisia 1
Gambia, The 1 3 | Kosovo 6 16| Yemen 3 13
Ghana 17 55| Kyrgyzstan 11 38| Total 36 127
Guinea 3 11 | Macedonia 4 19
Kenya 11 37| Moldova 3 10| South Asia
Madagascar 6 15| Mongolia 4 14 | Afghanistan 14 55
Malawi 3 9 | Montenegro 1 4 | Bangladesh 24 94
Mali 10 34| Poland 2 10| India 57 204
Mozambique 5 15| Romania 6 24| Nepal 18 62
Namibia 1 4 | Russia 12 35| Pakistan 15 53
Niger 2 5 | Serbia 3 14 | Sri Lanka 9 28
Nigeria 4 16 | Tajikistan 15 53| Total 137 496
Rwanda 3 9 | Ukraine 2 8
Senegal 7 24| Uzbekistan 1 2
South Africa 3 8| Total 138 515
Swaziland 1 4
Tanzania 7 22| Latin America
Togo 5 15| Argentina 5 18
Uganda 9 35| Bolivia 21 76
Zambia 2 5 | Brazil 17 48
Total 132 429| Chile 4 17

Colombia 20 73
East Asia/ Pacific Costa Rica 28
Cambodia 13 53| Dominican Republic 6 18
China 2 Ecuador 45 169
East Timor 1 El Salvador 13 47
Indonesia 20 61| Guatemala 11 46
Philippines 49 186 | Haiti 7 22
Samoa 1 5 | Honduras 14 57
Vietnam 5 13 | Mexico 36 118
Total 91 330 | Nicaragua 24 101

Panama 3 10

Paraguay 5 25

Peru 58 223

Venezuela 1 5

Total 298 1101
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Table A2: Cross-Correlations of Outputs, Inputscéd and Costs

Variable
ql

q2

pl

p2

C

Risk

x1

X2

ql
1
-0.0832*
0.1584*
0.0131
0.9270*
-0.0195
0.5808*
0.6933*

g2

1
0.0775*
-0.0087
-0.0421*
0.1433*
-0.0055
-0.0582*

* denotes significance at the 5% level

Table A3a: Estimation Results of panel SFA (SFAngl SFA with country dummies (FE

pl

1
-0.0115
0.1885*
0.2390*
-0.0599~*
0.1474*

p2

0.0048
0.0171
0.0021
-0.0107

C

1
0.0277
0.6319*
0.5680*

SFA) and DFA for Financial and Multidimensional Put Space

Risk

-0.0193
-0.0059

Financial Multi-Dimensional
SFA FE SFA DFA SFA FE SFA DFA
g1l 0.731%** 0.7471*** 0.651*** 0.773** 0.804*** 0.686***
(0.010) (0.009) (0.014) (0.009) (0.008) (0.014)
Ig21 0.294* 0.323*** 0.242%*
(0.013) (0.013) (0.019)
gliqll 0.024*** 0.022%* 0.023** 0.027** 0.022%** 0.030**
(0.005) (0.004) (0.005) (0.005) (0.004) (0.005)
q21921 0.066*** 0.077** 0.053***
(0.012) (0.011) (0.014)
qllg21 0.008 0.002 0.026***
(0.005) (0.005) (0.006)
Ip11 0.819*+* 0.852*** 0.836*** 0.827** 0.857** 0.847*
(0.007) (0.007) (0.008) (0.007) (0.007) (0.008)
plipll -0.021*** -0.017%* -0.017%** -0.023*+* -0.@2%** -0.017%+*
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
pllqll -0.007*** -0.011%** -0.012%** -0.010*** -0.@1*** -0.011%**
(0.003) (0.003) (0.003) (0.003) (0.002) (0.003)
pllg21 -0.003 -0.010** 0.001
(0.005) (0.004) (0.006)
Irisk21 0.032%* 0.033*** 0.022%* 0.027** 0.026*** 0.020**
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Constant -1.384x* -0.472% 0.095** -1.206*** 0.08 0.086***
(0.034) (0.219) (0.015) (0.032) (0.204) (0.017)
Insigma2 1.064*** -0.378*** 0.816*** -0.925%**
(0.057) (0.058) (0.057) (0.060)
gamma 4.043*** 2.587** 3.880*** 2.029***
(0.070) (0.074) (0.070) (0.082)
N 2983 2983 2983 2983 2983 2983

x1

0.3499*

The table displays coefficient estimates and staheaors in parentheses. *,** and *** denote sfigances of 10%, 5% and 1%,

respectively.
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Table A3b: Financial Estimation Results of RegiocBBA excluding and including country dummies

Dep:C | SFA1 SFA 2 SFA 3 SFA 4 SFA 5 SFA|6 SFRA 1 FESFA 2 FESFA 3 FESFA 4 FESFA 5 FE SFA 6
Iq1 0.615%*+ 0.745%* 0.824% 0.772%* 0.637+* 0.697** | 0.674%*  0.762%*  0.827**  0.734%*  0.718%*  (.755**
(0.025)  (0.024) (0.022) (0.014) (0.052)  (0.029) .0@B) (0.026) (0.016) (0.014)  (0.041) (0.026)
glql 0.061*** 0.063** -0.003  0.021** 0.016 0.036* | 0.051**  0.060** -0.010 0.024**  -0.000 0.024*
(0.017)  (0.011)  (0.011)  (0.008)  (0.034)  (0.011) .0(B) (0.013) (0.009) (0.007)  (0.028) (0.010)
Ipl 0.772%* 07719 0.821%* 0.864%* 0.754** 0.607** | 0.805**  0.772**  0.865**  0.868**  0.774%*  (.549%*
(0.020)  (0.021) (0.017)  (0.010)  (0.054)  (0.043) .0QR) (0.021) (0.015) (0.010)  (0.045) (0.044)
plpl -0.025%* -0.078** 0.012 -0.027%* 0.038*  -0.054** | -0.020** -0.076** 0.001 -0.026%* 0.047+  -0.074%*
(0.006)  (0.009)  (0.009)  (0.007)  (0.020)  (0.023) .0(®B) (0.009) (0.008) (0.007)  (0.018) (0.023)
plgl -0.038%* -0.021** 0.020** -0.006  -0.038* -0.011 | -0.035** -0.020%* 0.006 -0.005 0.035*  -0.022*
(0.009)  (0.005)  (0.007)  (0.005)  (0.021)  (0.014) .0(®) (0.005) (0.006) (0.005)  (0.020) (0.011)
Irisk 0.012 0.002 0.038** 0.046%* 0.044 0.030** .015 0.004 0.047**  0.037**  0.050* 0.015
(0.014)  (0.014) (0.012) (0.008)  (0.028)  (0.01Z) .0@h (0.014) (0.011) (0.008)  (0.026) (0.012)
Constant| -0.922%** -0.343%* -1506%* -1.359%* -0.953** -0.212* |-0.576**  -0.403 0.863**  -0.474 0.587%*  Q.747%*
(0.079)  (0.077)  (0.085)  (0.044)  (0.172)  (0.083) .24D) (0.256) (0.306) (0.332)  (0.222) (0.127)
Insigma2| 0.238 0.125 0.746** 0.496** 0.550*  0.086 | -0.578** 0.049 0.956%* -0.193**  -1.320%** -0.467**
(0.150)  (0.168)  (0.147)  (0.096)  (0.323)  (0.145) .14®) (0.164) (0.136) (0.096)  (0.299) (0.140)
gamma | 2.937**% 3538 3.836** 4.038%* 3.438%* 2882 | 20470 34T 2120%% 3367 1.425%*  2.305%*
(0.197)  (0.208) (0.182)  (0.117)  (0.417)  (0.185) .20%) (0.199) (0.178) (0.120)  (0.453) (0.184)
N 429 330 500 1101 127 496 429 330 500 1101 127 496

*** and *** denote significances of 10%, 5% and 1%spectively. SFA denotes panel data stochastitiér analysis while FE SFA include country duiesn
Regions refer to “Africa” (1), “East Asia/Pacifi€2), “Europe/Central Asia” (3), “Latin America” (4)Middle East/North Africa” (5) and “South Asiabj.

Table A3c: Multi-Dimensional Estimation ResultsRégional SFA excluding and including country dumsnie

Dep:C | SFA1 SFA 2 SFA 3 SFA 4 SFA 5 SFA B SFA 1 FESFA 2 FESFA 3 FESFA 4 FESFA 5 FESFA 6
Iq1 0.674% 0.798%* 0.822+% (0.832%* 0.622%* 0.717%* |0.751%*  0.814**  0.852%*  0.814** 0.662**  0.807+*
(0.033)  (0.026) (0.027) (0.014)  (0.053)  (0.029] .0g®) 0.021)  (0.021) (0.012) (0.050) (0.028)
g2 0.134*  0.369%* 0.347** 0.275%* 0382 0.127* | 0.188%*  0.464**  0.330%*  0.324%*  0.267%*  0.250%*
(0.056)  (0.046)  (0.043)  (0.021)  (0.077)  (0.067) .083) (0.039)  (0.039) (0.021) (0.074) (0.064)
glql 0.070*** 0.059%* -0.003  0.012*  0.083*  0.03%* |0.050*** 0.059**  -0.007 0.018**  0.055*  0.024*
(0.019)  (0.013) (0.010)  (0.007)  (0.035)  (0.011) .0(®) (0.012)  (0.008) (0.006) (0.026) (0.010)
4292 -0.005  0.123*  0.107** 0.052** -0.183* -0.05 |-0.010 0.113**  0.105**  0.042%*  -0.240** -0.046
(0.038)  (0.052)  (0.029) (0.019)  (0.108)  (0.074) .08B) (0.044)  (0.026) (0.018) (0.087) (0.063)
q1q2 0.021 0.027 0019  -0.012  0.120** 0.004 0.013 0.025* -0.012 -0.004 0.150**  -0.024
(0.018)  (0.017)  (0.016)  (0.009)  (0.044)  (0.023] .0(7) (0.015)  (0.013) (0.008) (0.042) (0.021)
Ipl 0.773** 0748 0.840"* 0.863"* 0.695** 0.660%* |0.828**  0.763**  0.870%* 0.876"* 0.731**  0.597+*
(0.024)  (0.022) (0.023) (0.010) (0.052)  (0.044) .0P®) (0.023)  (0.021) (0.010) (0.042) (0.045)
plpl -0.028** -0.083** 0.009 -0.035%* 0.073** -0.076** | -0.022** -0.079** 0.003 -0.035%*  0.004%*  -0.089**
(0.007)  (0.009)  (0.010)  (0.006)  (0.022)  (0.026) .0(}) (0.009)  (0.008) (0.006) (0.021) (0.025)
plgl -0.036** -0.014** 0.011 -0.007  -0.018  -0.017 | -0.024*  -0.8%5 0.005 -0.003 0.009 -0.018
(0.011)  (0.006)  (0.007)  (0.005)  (0.022)  (0.015| .0fd) (0.005)  (0.006) (0.004) (0.020) (0.012)
plg2 0.006 0.040*  -0.005  -0.006  0.041 -0.0891* 1BO 0.042*  -0.009 -0.013*  0.072* -0.064*
(0.017)  (0.017)  (0.016)  (0.007)  (0.042)  (0.038] .0(7) (0.017)  (0.013) (0.007) (0.041) (0.036)
Irisk 0.010 0.002 0.034** 0.040%* 0.037 0.030* | .016 -0.001 0.039%*  0.033*  0.024 0.010
(0.014)  (0.013) (0.011)  (0.008)  (0.027)  (0.012) .0@) (0.013)  (0.010) (0.007) (0.024) (0.012)
Constant| -0.706*** -0.277+* -1.233%* -1.198%* -0.376** -0.189* | -0.232 0.350%  1.265%*  -0.697** 0479%  -0.795%*
(0.098)  (0.078)  (0.070)  (0.042)  (0.112)  (0.094) .241) (0.159)  (0.285) (0.248) (0.188) (0.134)
Insigma2| 0.076 -0.578** 0.688** 0.027 -0.828** 0.001 0,040  -1.255%* 1 161 -0.934%* 2.2k .0,689%
(0.159)  (0.195)  (0.137)  (0.101)  (0.321)  (0.155) .161) (0.189)  (0.136) (0.103) (0.259) (0.149)
gamma | 2.743%%  2.808%* 3987+ 3631+ 2087 28344 | 1551 21350 2074% 26377  0.335 2.110%*
(0.212)  (0.254)  (0.167)  (0.126)  (0.447)  (0.203) .24%) (0.257)  (0.179) (0.134) (0.532) (0.202)
N 429 330 500 1101 127 496 429 330 500 1101 127 496

*** and *** denote significances of 10%, 5% and 1%spectively. SFA denotes panel data stochasititiér analysis while FE SFA include country dui@sn
Regions refer to “Africa” (1), “East Asia/Pacifi€2), “Europe/Central Asia” (3), “Latin America” (4)Middle East/North Africa” (5) and “South Asiabj.
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Table A4: Spearman Correlations of Efficiency Esties by Region

; Financial _ Multi_—
Africa Dimensional
SFA SFAR DFA DEA FE SFA FE SFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.94 1.00

DFA 0.97 0.98 1.00

DEA 0.91 0.87 0.89 1.00

FE SFA 0.53 0.56 0.53 0.47 1.00

FE SFAR 0.56 0.63 0.59 0.49 0.97 1.00
Mult-Dim | gpp 0.86 0.85 0.87 0.85 0.46 0.50 1.00

SFAR 0.92 0.97 0.95 0.86 0.53 0.60 0.93 1.00

DFA 0.85 0.89 0.90 0.81 0.48 0.54 0.96 0.96 1.00

DEA 0.88 0.86 0.86 0.98 0.45 0.48 0.87 0.87 0.84 1.00

FE SFA 0.55 0.57 0.55 0.53 0.85 0.84 0.61 0.60 0.60 0.54 1.00

FE SFAR 0.60 0.66 0.63 0.56 0.90 0.94 0.62 0.68 0.63 0.55 0.94 1.00
E:iitf'i?a/ Financial Dinlﬂ\lﬂet::gional

SFA SFAR DFA DEA FE SFA FE SFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.97 1.00

DFA 0.98 0.92 1.00

DEA 0.89 0.93 0.87 1.00

FE SFA 0.94 0.93 0.92 0.88 1.00

FE SFAR 0.89 0.94 0.85 0.88 0.96 1.00
Mult-Dim | gpp 0.80 0.74 0.82 0.69 0.68 0.59 1.00

SFAR 0.73 0.73 0.74 0.65 0.61 0.57 0.96 1.00

DFA 0.84 0.76 0.89 0.72 0.73 0.63 0.96 0.89 1.00

DEA 0.75 0.77 0.77 0.90 0.72 0.71 0.73 0.69 0.76 1.00

FE SFA 0.77 0.76 0.75 0.71 0.84 0.82 0.70 0.66 0.69 0.65 1.00

FE SFAR 0.62 0.65 0.61 0.60 0.70 0.72 0.63 0.66 0.60 0.57 0.94 1.00
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Europe/

g\:gr:raj Financial Dinlzﬂel;lgional
SFA SFAR DFA DEA FESFA  FESFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.96 1.00

DFA 0.96 0.85 1.00

DEA 0.87 0.89 078 1.00

FE SFA 0.48 0.38 0.54 0.40 1.00

FE SFA-R 0.39 0.37 0.41 0.33 0.90 1.00
Multi-Dim | gpp 0.94 0.91 0.91 0.80 0.44 0.34 1.00

SFA-R 0.91 0.94 0.83 0.80 0.36 031 0.98 1.00

DFA 0.91 0.81 0.96 072 052 0.37 0.95 0.88 1.00

DEA 0.88 0.88 0.79 1.00 0.40 033 0.81 0.82 0.74 1.00

FE SFA 0.40 0.30 0.48 0.30 0.90 0.83 0.45 0.37 052 032 1.00

FE SFA-R 0.32 0.28 0.36 0.23 0.82 0.89 0.37 0.33 0.39 0.24 0.93 1.00
/I&?ngica Financial Dir?]ﬂel;lgi_onal

SFA SFAR DFA DEA FESFA  FESFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.99 1.00

DFA 0.95 0.90 1.00

DEA 0.91 0.93 0.79 1.00

FE SFA 0.69 0.68 0.64 0.59 1.00

FE SFA-R 0.66 0.65 0.61 0.57 1.00 1.00
Multi-Dim | g p 0.74 071 0.76 0.65 0.36 0.33 1.00

SFA-R 0.79 0.80 076 075 0.41 0.38 0.97 1.00

DFA 0.72 0.67 0.83 057 0.37 0.34 0.95 0.88 1.00

DEA 0.84 0.84 0.77 0.93 0.50 0.47 0.77 0.82 0.69 1.00

FE SFA 0.56 0.54 055 0.46 0.85 0.84 0.48 0.49 0.48 0.47 1.00

FE SFA-R 0.55 0.54 0.54 0.46 0.84 0.84 0.46 0.49 0.46 0.46 0.99 1.00
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Middle

E\?ﬁt(/:;\lorth Financial Dirrlzﬂelﬂgional
SFA SFAR DFA DEA FESFA  FESFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.94 1.00

DFA 0.97 0.98 1.00

DEA 0.88 0.74 0.81 1.00

FE SFA 0.08 0.15 0.14 0.06 1.00

FE SFA-R 0.10 0.26 0.20 -0.02 0.92 1.00
Multi-Dim | gpp 0.93 0.88 0.92 078 0.09 0.15 1.00

SFA-R 0.81 0.85 0.85 0.65 0.10 0.20 0.89 1.00

DFA 0.96 0.96 0.98 0.79 0.11 0.18 0.97 0.90 1.00

DEA 0.85 0.77 0.82 0.96 0.16 0.10 078 0.70 0.80 1.00

FE SFA 0.22 0.28 0.29 0.15 0.93 0.88 0.29 0.30 0.28 0.27 1.00

FE SFA-R 0.21 0.31 0.28 0.10 0.61 0.68 0.33 0.46 031 0.18 0.67 1.00

. Financial ) Multi'—
South Asia Dimensional
SFA SFAR DFA DEA FESFA  FESFAR SFA SFAR DFA DEA FESFA  FESFAR

Financial SEA 1.00

SFA-R 0.96 1.00

DFA 0.98 0.94 1.00

DEA 0.90 0.84 0.86 1.00

FE SFA 0.80 0.82 078 0.69 1.00

FE SFA-R 0.75 0.83 0.70 0.68 0.94 1.00
Multi-Dim | g p 0.88 0.90 0.84 0.80 0.69 0.69 1.00

SFA-R 0.89 0.96 0.86 0.80 0.75 0.79 0.96 1.00

DFA 0.95 0.94 0.95 0.83 073 0.69 0.96 0.95 1.00

DEA 0.88 0.86 0.86 0.96 0.67 0.66 0.84 0.84 0.87 1.00

FE SFA 0.65 0.68 0.62 058 0.93 0.89 0.61 0.66 0.62 057 1.00

FE SFA-R 0.69 0.76 0.65 0.63 0.90 0.95 0.68 0.76 0.67 0.64 0.95 1.00

Notes: Correlations with DEA are calculated basedwerage efficiency scores of DEA across time.
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