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Abstract

Using cross-sectional farm-level data from 3,164 rice-farming households in the
Philippines, we measure the impact of modern rice technologies on farm productiv-
ity while disentangling technology gaps (the distance between production fron-
tiers) from managerial gaps (differences in technical efficiency). To do so, we
combine a recently developed stochastic production frontier framework with
impact evaluation techniques to control for biases stemming from observables and
unobservables. First, we find an adequate control group using propensity score
matching to mitigate the effect of biases from observable variables. Then, we test
for biases that might arise from unobserved variables using a stochastic frontier
framework corrected for self-selection. Finally, we estimate meta-frontiers to
assess productivity differences between adopters and non-adopters. The analysis
shows that the adoption of certified seeds has a significant and positive impact on
productivity, efficiency and net income in rice farming.
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1. Introduction

Since the 1960s, when a technology-centred approach to agricultural research and
development (R&D) prevailed, various reforms have been implemented in the
Philippines in an attempt to ensure that smallholders are fully integrated into the
agricultural R&D process so that they benefit from better access to production
technologies and from improved productivity. Tenywa et al. (2011) provide a
summary of these reforms culminating in the implementation of ‘integrated cen-
tred innovation systems approaches’ over the past decade. Despite these reforms,
a sizable share of smallholders in developing countries has not taken up many
innovations from the agricultural R&D process; thus, full productivity impacts
are yet to materialise. The lack of uptake of scientifically recommended produc-
tion technologies by many rice smallholders (e.g. Kshirsagar et al., 2002; Salehin
et al., 2009; Tiamiyu et al., 2009; Singha and Baruah, 2011) suggests that self-
selection might be an issue among producers participating in the R&D process
facilitating their access to these technologies while leaving many smallholders on
the margins of the process.

A case in point is the introduction of certified seeds (CSs) in rice production in the
Philippines.2 A CS is one that has been produced under strict standards to assure its
genetic purity and physical quality, and has been widely viewed as a major factor lead-
ing to higher productivity among smallholders (e.g. Mataia et al., 2011). Despite the
use of modern R&D processes, Mariano et al. (2011) reported that only 30% of sam-
pled Philippine rice producers in 2006–07 had adopted CSs. Further, these authors
doubt that early advances in total factor productivity (TFP) have been sustained in
the post-Green revolution era. They also argue that it is not clear to what extent TFP
growth has been due to improved CSs and how much has been caused by improved
management practices. Studies have been conducted separately to measure TFP
growth and factors influencing the adoption of CSs in rice production in the Philip-
pines as will be reported below. However, no work has been conducted to disentangle
the technology and managerial impacts on productivity while integrating an analysis
of factors influencing the adoption of CSs.

In an effort to advance the understanding of productivity differences in rice farming
in the Philippines, we examine the impact of modern rice technologies using farm-level
data. In doing so, we make two main contributions. The first is to improve the under-
standing of the determinants of technology adoption for effective and efficient target-
ing efforts to increase productivity among Philippine rice farmers. The second
contribution is to obtain unbiased estimates of the impact of technology adoption on
productivity by addressing self-selection.

2Certified seed ‘is the progeny of foundation, registered or certified seeds, handled to maintain
sufficient varietal identity and purity, grown by selected farmers under prescribed conditions of
culture and isolation and subjected to field and seed inspections prior to approval by the certify-

ing agency’ (IRRI, 2013, p. 1).
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We disentangle the effects of technology and managerial ability on the productiv-
ity of rice farmers paying special attention to two major issues. First, the decision to
adopt modern technologies is likely to be affected by selectivity bias from unobserv-
ables, an issue that is typically ignored in productivity analysis (Kumbhakar et al.,
2009). Second, as is frequently the case, the data available for this study were col-
lected after the introduction of CSs in the Philippines and therefore no baseline data
are available, which would be useful in addressing potential biases from both observ-
ables and unobservables. We deal with these two issues using the framework pre-
sented by Bravo-Ureta et al. (2012). This framework corrects for biases from
observables using propensity score matching (PSM) and controls for biases from un-
observables by implementing Greene’s (2010) stochastic production frontier (SPF)
corrected for sample selection. However, the framework by Bravo-Ureta et al.
(2012) does not allow for a direct comparison of technical efficiency (TE) between
adopters and non-adopters. We tackle this last issue by estimating meta-frontiers to
generate a common technology that enables the direct comparison of TE across the
two groups.

The remainder of the paper is organised as follows. In the next section, a brief his-
tory is provided of recent developments in rice production in the Philippines. Sec-
tion 3 contains a review of the related literature in the area of productivity, efficiency
and technology adoption in rice farming. In section 4, we outline the analytical frame-
work. In section 5, we describe the empirical model and data sources, and present
descriptive statistics and the estimation strategy. Results are presented and discussed
in section 6, and the paper ends with some concluding remarks.

2. Recent Developments in Rice Production in the Philippines

Rice remains an important agricultural commodity in the Philippines. It accounts for
one-fifth of agricultural gross value added, is a major source of employment and
income for rural people, and poor households spend about 25% of their income on
rice (Balisacan and Sebastian, 2006). Given its importance in the national and politi-
cal economy, rice has become one of the main focuses of R&D, and an important
topic for empirical studies in the Philippines.

The introduction of improved varieties has increased agricultural production, thus
enhancing food security in many developing countries (Baker and Jewitt, 2007). Rice
yields in the Philippines experienced phenomenal growth from the early 1970s to the
mid-1980s as a result of the Green Revolution, comprising improved varieties, crop-
ping intensification, expansion of irrigated areas, increased nutrient inputs and better
crop management practices. Although the impressive success of the Green Revolution
during the 1970s and 1980s was not sustained through the mid-1990s (Umetsu et al.,
2003), recent statistics indicate that, after 1996, rice yields grew at an annual rate
approaching 3%. Mataia et al. (2011) reported that, from 1997 to 2007, the average
yearly yield growth was 2.3% and 3.6% for irrigated and rainfed areas, respectively.

Technological innovations in farming have played an important role in the growth
of the rice sector in the Philippines. R&D continues to generate modern rice technolo-
gies and to make them available to farmers. The adoption of these technologies has
provided opportunities for rice farming households to increase production and to
improve their incomes and food security. Mataia et al. (2011) reported that one of the
major contributors to gains in rice yields in the Philippines has been the adoption of
high-quality seeds, especially of CSs.
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Another potentially important source of productivity growth is the improvement of
managerial performance of farmers. Recent evidence indicates that the average Fili-
pino rice farmer is only 40% as efficient as the best-performing Filipino farmer (Vil-
lano and Fleming, 2006). Shortfalls in managerial performance can be a major socio-
economic constraint particularly in developing countries (Bravo-Ureta et al., 2007).
On average, most rice farmers in the Philippines would benefit from additional skills
in order to enhance the profitability of their rice farming enterprises. The relatively
low fertiliser use and improper timing of applications, accompanied by poor manage-
ment practices, are major sources of inefficiency (Sebastian et al., 2000). In addition,
limited access to credit for processing and storage facilities forces farmers to sell their
marketable surplus during harvest months when prices are low. Farmers are unable to
wait for a good price because they do not have adequate places to dry and store their
rice and as a result wholesalers dictate prices to retailers and consumers. Institutional
and policy constraints, including government policies, rice price-setting mechanisms,
credit and input supply, land tenure, marketing development and extension, are also
vital. Technical constraints such as limitations on varieties planted, resource-use effi-
ciency (water, soil, nutrients, seed quality and pest and weed control), and harvest
and post-harvest activities also pose important challenges to productivity growth
(Sebastian et al., 2000).

Considerable efforts have been made to explain the various factors that cause differ-
ences in rice yields and these studies have been motivated primarily by the need to find
ways to close the so-called ‘yield gap’ (Neuman et al., 2010; Laborte et al., 2012). The
yield gap is the difference between the potential and observed average farm yields over
some specified spatial and temporal scale of interest (Lobell et al., 2009). This concept
is frequently used in technical agronomic analysis of production as a measure of per-
formance because it implies a comparison between yields actually obtained under par-
ticular agroecological conditions on commercial farms and the maximum or potential
yield in that region (Nin-Pratt et al., 2011). Yields are used as a measure of productiv-
ity and narrowing the gap is frequently singled out as a key to increasing resource use
efficiency and thereby production and productivity. Major efforts have been made to
develop improved seeds focusing particularly on drought- and flood-tolerant varieties
that can withstand adverse soil and climatic conditions (Makarim, 2000; Mueller
et al., 2012; Saito et al., 2012). Analysts have also looked at the impact of technology
adoption and diffusion on smallholder productivity (e.g. Chirwa, 2005; Mariano
et al., 2012).

3. Review of Literature on Technology Adoption and TFP Growth in Philippine Rice

Production

The importance of rice in rural development in the Philippines and other Asian coun-
tries has prompted economists to measure changes in productivity and efficiency since
the introduction of Green Revolution production technologies in the 1960s (Mariano
et al., 2011). Farmers in the Philippines have made significant progress, but two main
concerns have emerged in the rice sector that have cast doubt on the sustainability of
the early advances in TFP in the post-Green Revolution era. First, a slowdown (and
even a reversal) in TFP growth has been reported in various recent studies. Tiongco
and Dawe (2002) showed that after correcting for exogenous yield shocks, the long-
term productivity of intensive rice cropping systems in the Philippines stagnated dur-
ing the early 1980s to the mid-1990s. Umetsu et al. (2003) measured technical
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efficiency (TE) and technological progress in rice production in the Philippines over
the 20-year period from 1971 to 1990 and reported positive changes in TE in the first
10 years (1971–80) but a decline from 1981 to 1990. Technological progress was evi-
dent from the mid-1970s to the mid-1980s while the rest of the study period showed
regress. Yao and Shively (2007) undertook a more specific evaluation of technological
progress and TE for irrigated rice production in the Philippines and found that the
management of irrigation water plays a crucial role in productivity. Bordey and Nel-
son (2012) employed growth accounting to examine the patterns and sources of pro-
ductivity in rice production in the Philippines for the period 1996–2007. They
decomposed output growth into changes in conventional and non-conventional
inputs, and a remainder non attributable to inputs known as residual TFP. Their
analysis was conducted for two time periods per cropping season, 1996–2001 and
2001–06 for the wet season, and 1997–2002 and 2002–07 for the dry season. The
authors found higher output growth rates during the wet and dry seasons of 2001–06
and 2002–07 compared to 1996–2001 and 1997–2002. Wet season rice output grew by
22% from 2001 to 2006, of which 15% and 6% were attributed respectively to
increases in the use of conventional and non-conventional inputs with a residual TFP
growth of 1%. On the other hand, rice output grew by 14% from 2002–07 of which
10% was due to increases in non-conventional inputs and 4% to residual TFP. Mari-
ano et al. (2010) suggest that farms in the rainfed farming ecosystem achieve produc-
tivity levels only slightly different from those in the irrigated farming ecosystem.
Using the same dataset, Mataia et al. (2011) found that the main factors contributing
to rice yield growth in the Philippines from 1997 to 2007 were the adoption of high
quality seeds and irrigation.

Second, several production frontier studies have analysed rice farming in the Philip-
pines and the results have been mixed, depending on the region and period of analysis
and the production environments. However, these studies typically reveal substantial
gaps between the best-performing producers and other producers, with a range of
technical efficiency estimates from 0.38 to 0.95. Kalirajan and Flinn (1983) studied
rice production in the Bicol region, and obtained TE estimates ranging widely from
0.38 to 0.91. Dawson and Lingard (1989) measured the TE of rice farmers in Central
Luzon during the period 1970–85 and found a much tighter range going from 0.84 to
0.95. In a dataset collected from Central Luzon, Western Visayas, Central Mindanao,
Bicol and the Cagayan Valley regions for the period 1987–90, Rola and Quintana-
Alejandrino (1993) observed lower mean TEs of 0.72, 0.65 and 0.57 for irrigated, rain-
fed and upland ecosystems, respectively. Villano and Fleming (2006) obtained a mean
TE of 0.79 for the 1990–97 period using rainfed rice data from Central Luzon. On the
other hand, Pate and Cruz (2007) reported relatively high mean TEs equal to 0.92 and
0.90 for irrigated and rainfed rice production, respectively, between 1991 and 2002.
These estimates clearly suggest that many rice producers in the country are operating
well below ‘best practice’, hence, additional efforts to investigate these productivity
gaps are justified given the implications for interpersonal income inequalities within
the rural population.

Mariano et al. (2010) suggest that the adoption and diffusion of appropriate tech-
nologies can narrow the technology gap that exists within and between the various
farming ecosystems in the Philippines. An option to increase productivity is to adopt
high quality certified seeds, the centrepiece of the Green Revolution technology pack-
age and one of the main products of rice research, which have contributed around 10–
20% of the growth in rice production (Balisacan et al., 2006; Bordey and Nelson,
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2012). Research has shown that the adoption of modern rice technologies is influenced
by several factors, including demographic, farm and bio-physical characteristics
(Mariano et al., 2012). Gonzales et al. (2007), Manalili et al. (2008) and Malasa and
Velayo (2009) analysed the adoption levels of certified inbred and hybrid seed technol-
ogies and found that the yields and profitability of technology adopters are higher
than those of non-adopters.

4. Analytical Framework

The main motivation of this study is to disentangle the effects of technology and
managerial ability on the productivity of rice farmers. In doing so, we employ a
multi-stage procedure in order to control for biases from observables and unob-
servables and address some of the shortcomings in previous studies. First, propen-
sity score matching (PSM) is used to select a sample of adopters and non-
adopters of CSs with comparable time-invariant characteristics, so as to control
for biases from observables. Then, stochastic production frontiers (SPFs) corrected
for sample selection are estimated to measure productivity and TE levels for both
groups of farmers while controlling for biases from unobservables. Third, meta-
frontiers are used to offer a comparison of the impact of CSs on productivity and
TE by providing a common technology of reference for both adopters and non-
adopters.

4.1. Propensity score matching (PSM)

To mitigate biases coming from observables, we use PSM to create a suitable counter-
factual dataset. The use of PSM makes it possible to match farmers who adopt CSs
with those who do not based on observed time-invariant characteristics so that both
groups are as similar as possible except for adoption. Recent applications of PSM in
agriculture include Pufahl and Weiss (2009), Wu et al. (2010), Bravo-Ureta et al.
(2011), Cavatassi et al. (2011) and Rejesus et al. (2011).

To implement PSM, a binary choice model is used to generate a ‘propensity score’
(PS) for each farm in the sample. These scores represent the probability of being an
adopter, considering both adopter and non-adopter farmers, based on a set of covari-
ates (Becker and Ichino, 2002; Cameron and Trivedi, 2005; Imbens and Wooldridge,
2008). The PSs are then used to match adopters with non-adopters for those farms
falling within a ‘common support’ area whereby observations from adopters with a
PS smaller than the minimum or larger than the maximum for the non-adopter group
are removed from the sample (Caliendo and Kopeinig, 2008). To ensure that the sam-
ples within the common support area have the same distribution of observable charac-
teristics, regardless of whether the farmer has adopted the technology or not, it is
necessary to test for the ‘balancing property’ (Becker and Ichino, 2002). Once appro-
priately matched samples are identified, and assuming that there are no biases from
unobservables, the impact of an intervention/adoption is often measured as the aver-
age treatment effect on the treated or ATET (Khandker et al., 2010). The ATET is the
average impact of the treatment on those individuals who participated and, again
assuming no selection bias, can be calculated as (Winters et al., 2010):

ATET ¼ EðY1jD ¼ 1Þ � EðY0jD ¼ 0Þ
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where Y1 and Y0 are the average values of the indicator in question, e.g. output, for
treated and non-treated farmers, respectively, and D is a dummy variable equal to 1 if
the farmer received the treatment, and 0 if the farmer did not (i.e. control).

4.2. Stochastic production frontiers (SPF) and sample selection

SPF methods have been used extensively in many industries, including agriculture, to
model input–output relationships and measure the efficiency of individual producers
(Battese, 1992; Bravo-Ureta and Pinheiro, 1993; Bravo-Ureta et al., 2007). These
methods have also been used to compare the performance of farmers under different
technological interventions. For example, the method has been used to examine the
impact of technology adoption versus non-adoption on the predicted output and on
the TE of firms (Revilla-Molina et al., 2009; Huelgas and Templeton, 2010; Mariano
et al., 2012). The limitation of most studies that have used SPFs to compare the TE of
adopters versus non-adopters is the failure to account for selectivity biases arising
from both observable and unobservable variables in a manner that is compatible with
the nonlinear nature of the SPF approach.

Following Heckman’s (1979) methodology to account for selection bias, several
attempts have been made to address sample selection in a stochastic frontier frame-
work. Sipilainen and Oude Lansink (2005) added an inverse Mill’s ratio (IMR) to the
deterministic part of the frontier function to examine possible sample selection bias in
the analysis of organic and conventional farms. A similar approach was implemented
by Sol�ıs et al. (2007) when analysing farmers with different levels of adoption of soil
conservation in Central America. However, this procedure has proven unsuitable for
nonlinear models such as the SPF (Greene, 2010). In recent years, alternative strate-
gies have been proposed to deal with this problem including the one by Kumbhakar
et al. (2009) who developed a model where the selection mechanism is assumed to
operate through the one-sided error in the frontier, and then used their model to eval-
uate the performance of organic versus conventional dairy farming in Finland. Lai
et al. (2009) studied wage determination employing a copula function and assumed
that selection is correlated with the composed error in the frontier. These two models
require computationally demanding log likelihood functions.

In this study we adopt the framework developed by Greene (2010) who extended
Heckman’s approach to consider sample selection in a stochastic frontier framework
assuming that the unobserved characteristics in the selection equation are correlated
with the noise in the stochastic frontier. The model introduced by Greene can be
expressed succinctly with the following three blocks of equations:

Sample selection: di ¼ 1½a0zi þ wi [ 0�;wi �Nð0; 1Þ ð1Þ

Stochastic frontier model: yi ¼ b0xi þ ei ð2Þ

ðyi; xiÞ are observed only when di ¼ 1

Error structure: ei ¼ vi � ui

ui ¼ jruUij ¼ rujUijwhereUi �Nð0; 1Þ

vi ¼ rvViwhereVi �Nð0; 1Þ
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ðwi; viÞ�N2½ð0; 0Þ; ð1; qrv; r2vÞ�
where d is a binary variable equal to one for adopters, and zero for non-adopters, z is
a vector of explanatory variables included in the (binary) sample selection model and
wi is the unobservable error term. Furthermore, y is output, x is a vector of inputs in
the production frontier and e is the composed error term. The coefficients a and b are
parameters to be estimated while the elements in the error structure correspond to
those typically included in the stochastic frontier formulation. In this model, sample
selection arises if the noise in the stochastic frontier, vi, is correlated with unobserved
characteristics in the sample selection equation, wi (Greene, 2010). A statistically sig-
nificant q is evidence that selectivity bias in unobservables is present. Readers inter-
ested in the full model and details concerning its estimation are referred to Greene
(2010) and Bravo-Ureta et al. (2012).

4.3. Meta-frontier

A limitation of the methodological framework described above is that a direct com-
parison of TE between adopters and non-adopters is not possible because these scores
are relative to each group’s own frontier (Gonz�alez-Flores et al., 2014). To address
this issue we estimate meta-frontiers for the preferred model as discussed below. Fol-
lowing the approach outlined by O’Donnell et al. (2008), we estimate a meta-frontier
that envelops the deterministic component of the adopter and non-adopter group
frontiers. This enables the estimation of the gaps between the meta-frontier and the
individual group frontiers, termed the meta-technology ratio (MTR). O’Donnell et al.
(2008) define the meta-frontier enveloping the deterministic component of the individ-
ual group frontiers (j) as:

y�i ¼ fðxi; b�Þ ¼ exib
� ð3Þ

where y* is the meta-frontier output, b* denotes the vector of parameters such that
xib* ≥ xibj and bj are parameters obtained from the adopter and non-adopter group
frontiers. For given levels of inputs, the meta-technology ratio is calculated as the
ratio of the highest attainable group output to the highest possible meta-frontier out-
put and is therefore an index lying between zero and unity, defined as:

MTR ¼ exibj

exib
� : ð4Þ

TE with respect to the meta-frontier is then calculated as:

TEM ¼ TEj �MTRj: ð5Þ

5. Data and Empirical Model

As indicated above, we follow the approach of Greene (2010) and Bravo-Ureta et al.
(2012) where the PSM and SPF approaches are combined in order to correct biases
from both observed and unobserved characteristics. The intention is to obtain unbi-
ased estimates of the coefficients of the production frontier in rice farming to then
measure TE as an indicator of managerial gaps as well as any shifts in the frontiers
due to the adoption of improved seed varieties that can be interpreted as technological
progress (Anderson and Feder, 2007).
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We use cross-sectional data collected for 3,164 rice-farming households in the Phil-
ippines for the agricultural year 2006–07 covering two cropping seasons. There are
1,941 observations in the wet season of 2006 (from late June to October) and 1,223 in
the 2007 dry season (from late December to April). A total of 952 farmers in the sam-
ple (590 for the wet season and 362 for the dry season) are considered adopters of CSs
while the remaining 2,212 are non-adopters. We pool the data for the wet and dry sea-
sons and capture the possible differences between them via seasonal intercept and
slope dummy variables in both the CS choice and production frontier models. Pooling
of the data across seasons is justified given that factors of production are similar and
all technologies and intervention programmes are available to farmers in both
seasons.

The data used in this study are derived from the Rice Based Farm Household Sur-
vey conducted by PhilRice covering 30 provinces that account for 70% of the rice pro-
duced in the Philippines. The data include information for farmers coming from
different agro-ecosystems (rainfed and irrigated) and agroclimatic conditions. Details
on the sampling procedure can be found in Mariano et al. (2010, 2011).

Several variables are used to implement the combined PSM and SPF proce-
dures. Following Mariano et al. (2012), we include demographic, farm and bio-
physical characteristics in estimating the probit model used for the PSM.
Descriptions of these variables are presented in Table 1. Model specification is
based both on data availability as well as theoretical and empirical foundations
coming from the literature.

There are several matching criteria that can be used in implementing PSM (see
Cameron and Trivedi, 2005) and here we employ two alternatives, the nearest-neigh-
bour and kernel. For the nearest neighbour procedure, a maximum of five matches
per adopter along with a caliper (or maximum tolerance) of 0.025 is used. We apply a
trimming procedure to establish the region of common support which is defined by
the area where there is positive density within the d = 1 and d = 0 distributions (Smith
and Todd, 2005). The region of common support for the estimated PSs is the interval
between 0.06 and 0.87 and the density of the common support region is presented in
Figure 1. The procedure yielded a total of 2,678 matched observations, 772 for adopt-
ers and 1,906 for non-adopters. We also employed an Epanechnikov kernel matching
(Greene, 2007; Guo and Fraser, 2010) with bandwidth of 0.06 that yielded a total of
3,141 matched observations. However, a comparison of means revealed that the near-
est neighbour option yielded better-matched samples; hence; the analysis below is
based on the samples obtained with this method.

After completing the matching procedures, comparisons of means for the variables
are undertaken. As shown in Table 2, the data indicate that there is no significant dif-
ference between the means of observable characteristics of adopters and non-adopters
after matching, thus fulfilling the balancing condition of the covariates (Leuven and
Sianesi, 2003; Rejesus et al., 2011). By contrast, the means are significantly different
for most of the variables using the unmatched samples.

Once the sample of adopters and non-adopters is matched, we estimate SPFs cor-
recting for sample selection that might arise from the choice to adopt CSs. We assume
that farmers adopt the technology in order to maximise the expected profits from rice
production, and that the decision by farmers to adopt the CS technology can be
explained by demographic, social and bio-physical characteristics. In general, the
sample selection model can be expressed as:

� 2014 The Agricultural Economics Society

Disentangling Technology from Managerial Gaps 137



Table 1

Description of variables used in the PSM and SPF models

Variables Notation Definition

Probit Model

Farmer characteristics
Gender Z1 1 if the farmer is male, 0 otherwise
Schooling Z2 Number of years of formal education

by the farmer
Experience Z3 Years of rice farming experience of the farmer
Household size Z4 Number of family members

Farm assets/resources
Cultivated area owned Z5 Percentage of area owned to total area cultivated
Machinery ownership Z6 1 if the farmer owns any tractor or harvester,

0 otherwise

Non-rice income Z7 Total income from sources other than rice
farming in thousands of Philippine pesos (P)

Institutional factors

Farm size Z8 Total rice area planted in hectares
Credit access Z9 1 if the farmer has access to credit, 0 otherwise
Extension

On-farm demonstrations Z10 1 if the farmer participated in any on-farm
demonstrations, 0 otherwise

Attendance at training sessions Z11 1 if the farmer attended any rice production
training sessions, 0 otherwise

Access to extension workers Z12 1 if the farmer has access to advice from
extension workers, 0 otherwise

Biophysical conditions

Sufficient water for irrigation Z13 1 if the farmer has an adequate source of
water for irrigation, 0 otherwise

NPK deficiency Z14 1 if the farmer’s field is nutrient-deficient,

0 otherwise
Drought-prone area Z15 1 if the farmer’s field is prone to drought,

0 otherwise
Submergence-prone area Z16 1 if the farmer’s field is prone to water

submergence, 0 otherwise
SPF Model
Output Y Dependent variable: total production of

rice in kilograms
Area X1 Total rice area planted in hectares
Seed X2 Seed used in kilograms

Fertiliser X3 Total NPK (kilogram of active ingredient)
Chemical X4 Total active ingredients of chemical used (kg ai)
Labour X5 Total labour used in rice production

(worker-days)

Power X6 Cost of power, including rental and fuel cost (P)
Seed quality dummy D1 1 if adopter of certified seeds, 0 otherwise
Power source dummy D2 1 if used machine/tractor as source of power,

0 otherwise
Fertiliser dummy D3 1 if did not apply fertiliser, 0 otherwise
Season dummy D4 1 if wet cropping season, 0 otherwise
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adopti ¼ a0 þ
X16
j¼1

aijZij þ wi ð6Þ

where adopt is a dichotomous variable equal to 1 for adopters, Z is a vector of exoge-
nous variables explaining the decision of farmers to adopt the CS technology, a are
unknown parameters, and w is the disturbance term distributed as N(0, r2).

The two most common functional forms used for production frontiers in efficiency
studies are the Cobb-Douglas (CD) and translog (TL) (Bravo-Ureta et al., 2007). The
TL, which nests the CD, can be written as (Coelli et al., 2003):

lnðYiÞ ¼ b0
X6
j¼1

bj lnXij þ 1

2

X6
j¼1

X6
j¼1

bjk lnXij lnXik þ
X4
j¼1

dlDl þ
X6
j¼1

cjD4 lnXij þ vi � ui

ð7Þ
where Yi represents output of the ith farm; Xij is the quantity of the jth input; D
denotes dummy variables; b and d are unknown parameters; and v and u are the ele-
ments of the composed error term, e. A maximum likelihood ratio test led to the rejec-
tion of the CD functional form in favour of the translog.3 The dependent variable in
the estimated SPF model is total rice production in kilograms of paddy rice. The
explanatory variables comprise six conventional inputs and four dummies. The con-
ventional inputs include area planted with rice (in hectares), quantity of seeds used (in
kilograms), nitrogen, phosphorus and potassium (NPK) expressed as the quantity of
active ingredients applied (in kilograms), amount of active ingredients (AIs) used for
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Figure 1. Density of the propensity scores for adopters and non-adopters of certified seeds

3Zero inputs are handled using the methodology proposed by Battese (1997) whereby the loga-
rithm of the input variable with zero values, such as fertiliser, is taken only if it is positive,
otherwise the variable is zero. Accordingly, a dummy variable to take into account those zero

values is included in the model, e.g. D3.
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herbicides and insecticides (in kilograms), total labour used in farm activities (in
worker-days), and the machine rental cost for land-preparation and threshing activi-
ties (in 2007 Philippine pesos, P). The four dummy variables are: seed quality (D1 = 1
if the farmer used CS); source of power (D2 = 1 if the farmer used a tractor in land
preparation or a thresher in harvesting activities); fertiliser usage (D3 = 1 to account
for those farmers who did not use fertiliser); and cropping season (D4 = 1 for wet sea-
son, and 0 otherwise).

To reiterate, our goal is to identify the impact of CS adoption on two components
of productivity: (1) technological change, captured as a shift in the frontier due to
adoption; and (2) managerial performance, measured by TE scores. The estimation
process is summarised as follows. First, all available data are used to estimate a probit
model to calculate PSs, which are the basis for matching adopters and non-adopters
and thus correct for biases from observed characteristics. Second, a pooled SPF
model is estimated where the binary variable adopt (0 for non-adopters, 1 for adopt-
ers) is included as a regressor to account for technological change attributable to the
adoption of CS. Third, two separate SPF models are estimated using the matched
subsamples, one for adopters and the second for non-adopters without correction for
selectivity bias. Thus, these models correct only for biases from observables. Fourth,
two separate selectivity-corrected SPFs are estimated, one for adopters and the other
for non-adopters, and these models correct for biases from both observed and unob-
served variables. For comparison purposes, separate models are estimated for adopt-
ers and non-adopters using the unmatched data, which ignores biases from both
observables and unobservables. Various hypotheses are evaluated using log-likelihood
ratio tests. All models are estimated using NLOGIT Version 4.0 (Greene, 2007).

6. Results and Discussion

6.1. Determinants of CS technology adoption

Several studies have examined the factors explaining the adoption of modern technol-
ogies in the agricultural sector in general (e.g. Feder et al., 1985) and the rice sector in
particular (e.g. Joshi and Pandey, 2004; Estudillo and Otsuka, 2006; and Mariano
et al., 2012). Mariano et al. (2012) used a logit model to examine the determinants of
modern rice technologies in the Philippines. Here, we revisit the estimates of factors
affecting the adoption of CS technology using the sample selection model. Following
equation (6), the results of a probit sample selection model using matched samples are
presented in Table 3. The chi-squared test statistics are significant at the 1% level,
which implies the joint significance of the parameters for the CS adoption variables.
Among the variables representing farmer characteristics, education and household
size are significant factors in the choice of CS technology. As expected, farmers who
are better educated have greater ability to process information and search for technol-
ogies suitable to their production constraints than those who are less educated (Mari-
ano et al., 2012). Moreover, in a recent survey of microeconomic studies of
technology adoption, Foster and Rosenzweig (2010, p. 421) conclude that ‘. . . educa-
tion plays an important role in facilitating the acquisition and processing of new infor-
mation, which appears to account for the pervasive finding that more educated agents
adopt new technologies first’.

The variable household size is inversely related to technology adoption at the 1%
significance level, suggesting that large households are more risk averse than smaller
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households. Resource ownership and higher household income are expected to
encourage the adoption of modern technologies (Mariano et al., 2012), yet our results
diverge from these expectations.

The coefficient on the variable for owned cultivated area is negative but not signifi-
cant. This result is consistent with the presence of countervailing factors determining
whether farmers who rent land will be more likely to adopt the CS technology than
those who cultivate their own land. For farmer-tenants, a larger harvest from the
adoption of CSs leads to greater output, revenue and profits, but the extent of the
additional profits they retain depends on their contractual arrangement with land-
owners. Output is shared by tenants with their landlord in a crop-share contract but is
fully retained in a fixed-rent contract. We would expect that a larger output means a
larger share for tenant farmers in a crop-share arrangement, but owner-farmers keep
all additional profits from adoption and so they should adopt more rapidly. On the
other hand, risks are shared between tenants and landowners in a crop-share contract,
which may encourage adoption given the uncertain outcomes associated with adopt-
ing new technologies.

Farmers who own labour-saving assets, such as a tractor, are more likely to adopt
CS technology. Income from non-rice activities is also found to have a significant
positive effect on the decision to adopt the CS technology. All institutional factors
included in the model are found to be significant determinants of adoption. Because
seed inputs are perfectly divisible, farmers who own large areas of land can spread the

Table 3

Estimates of the Probit selection equation using matched samples

Variables Coefficient Standard error

Constant �1.300*** 0.160

Gender (% male) �0.027 0.086
Schooling (years) 0.043*** 0.009
Experience (years) �0.002 0.002

Household size (count) �0.032*** 0.012
Area cultivated owned (%) �0.00060 0.00057
Machine owner (%) 0.397*** 0.061

Non-rice income (000 Philippine pesos) 0.00058* 0.00030
Farm size (ha) 0.065** 0.029
Credit access (%) 0.222*** 0.055
Attendance at training (%) 0.224*** 0.055

Participation in on-farm demo. (%) 0.314*** 0.083
Access to extension workers (%) 0.134 *** 0.055
Sufficient water irrigation (%) 0.246*** 0.070

NPK deficiency (%) �0.084 0.059
Drought-prone area (%) �0.215** 0.087
Submergence-prone area (%) �0.198* 0.086

Log-likelihood function �1,478.58
Chi-squared test statistic 259.65***
Number of observations 2,678

Notes: ***, **, *Significant at 1%, 5% and 10% levels, respectively. The standard errors of the

coefficients are correct to two significant digits, and the respective coefficients are correct to cor-
responding digits behind the decimal point.
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risk of technology failure by allocating only a portion of their land to CSs, an option
that is not available to the same extent to farmers who own only a small area of land.
As expected, the effect of access to credit is significant because the use of CSs requires
additional cash for purchased inputs such as fertiliser and pesticides. Availability of
and access to credit is expected to promote the decision to adopt improved technolo-
gies such as CSs. There is considerable survey-based evidence showing that farmers in
developing economies would be willing to borrow more if additional credit was made
available at a given interest rate, which suggests that credit rationing is indeed an issue
(Conning and Udry, 2007). Our results also highlight that farmers who attend training
sessions, who participate in on-farm demonstrations and who have access to extension
workers are more likely to adopt CS. This finding is consistent with many studies
where extension plays a significant role in the adoption of modern technologies (e.g.
Jara-Rojas et al., 2012; Mariano et al., 2012).

Adoption of CS technologies is also influenced by bio-physical and environmental
characteristics. As expected, having sufficient irrigation water has a positive influence
on CS adoption. Farms that are well irrigated have lower risk of crop failure due to
lack of moisture, enhancing the appeal of investment in the technology. Drought and
submergence prone areas are two biophysical variables that have a negative effect on
the adoption of CSs. In addition, NPK deficiency exhibits a negative but non-signifi-
cant coefficient, which is consistent with the notion that this deficiency is easier to
remedy through the application of appropriate fertilisers compared to submergence
and drought, which might require significant investments in infrastructure and tech-
nological improvements. Nevertheless, the introduction of new rice varieties can relax
this investment constraint. For example, a variety such as Submarino 1 can withstand
being under water for 2–3 weeks and has been promoted aggressively by various gov-
ernment agencies to rice farmers. Details of the marginal effects of variables affecting
adoption of CS technology based on a similar model and data as the one used here
can be found in Mariano et al. (2012).

6.2. Production technology estimates

The maximum likelihood estimates of the conventional and selectivity-corrected SPFs
using the matched samples are presented in Table 4. All variables in the translog
models were normalised by their corresponding geometric means so the first-order
coefficients can be interpreted as partial elasticities of output with respect to inputs at
mean values (Coelli et al., 2003).

In order to examine the productivity differences between adopters and non-adopt-
ers of CS technology, we conducted two sets of hypothesis tests. First, we found
significant differences between the mean outputs of adopters and non-adopters, with
t-ratios of 6.69 (P-value = 0.000). Second, using a likelihood ratio test, we examined
if there are technology differences between the two groups. We tested the null hypoth-
esis that there is no difference between the pooled frontier model and the two group
frontiers. With a generalised likelihood ratio test statistic of 103.92 (P-value = 0.000),
the null hypothesis is rejected suggesting significant technology differences between
adopters and non-adopters; thus, estimation of separate frontiers for each group is
justified.

Estimation of the selectivity-corrected SPF model shows that the selectivity coeffi-
cient, q, is significantly different from zero for both adopters and non-adopters, which
suggests that selection bias is a relevant consideration in this analysis. Thus, the use of
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the SPF within a sample selection framework to estimate separate SPFs for adopters
and non-adopters is justified. The magnitude of the estimated coefficients for most
variables is lower for the selectivity-corrected SPF models compared with the esti-
mates from the conventional frontiers suggesting that sample selection bias has
resulted in overestimated average partial elasticities. Also, the presence of selection
bias implies that the estimates from conventional SPFs are biased and thus lead to
inaccurate TE scores (Rahman et al., 2009; Bravo-Ureta et al., 2012).

Except for the coefficient for the quantity of seed for the non-adopters, the results
from the selectivity-corrected SPFs indicate that all estimated linear coefficients for
the inputs have the expected positive sign and are significant at least at the 10% level.
These results are consistent with those reported by Villano and Fleming (2006) and
Mariano et al. (2010). For adopters, the variable with the highest output elasticity is
the use of a machine in rice production activities, while the output for non-CS adopt-
ers is most responsive to expansion of the area planted to rice (Table 4).

In Table 4, the parameter estimates for the dummy variables indicate that CS
(d1), mechanisation (d2), use of fertiliser (d3) and dry cropping season (d4), all
make a positive contribution to rice output. While the parameter for the quan-
tity of seed variable (b2) is not significant, the results do highlight that the type
of seed used (d1) plays a crucial role in increasing rice production. Farmers who
used CS were found to enjoy about an 11% output advantage compared with
farmers who used their own seeds.

We also found that the dry season is more favourable to rice production than the
wet season. Using the results from the selectivity-corrected SPF, we evaluate the inter-
action of the seasonal dummy variable and input variables. It was surprising that
while output is higher during the dry season, the differential decreases as area planted
to rice and power cost rise. As expected, the use of fertiliser and labour productivity
in the dry season has a significant positive effect on rice production.

6.3. Efficiency estimates

The parameter k in Table 4 is found to be significantly different from zero, indicating
that inefficiency is an important contributor to total output variability. Accordingly,
summaries of TE scores are presented in Table 5. The first sets of TE estimates are
from the conventional (TE-Pool and TE-Conventional SPF) and selectivity-corrected
SPFs (TE-Sample Selection SPF) models for the matched samples in order to evaluate
the efficiency differentials across alternative specifications.

Using the pooled estimates (TE-Pool), it would appear that the mean TE for adopt-
ers is not significantly different from that of non-adopters, and the range is also the
same going from 37% to 96%. In order to obtain estimates of TE relative to their
cohorts, two sets of TE estimates are obtained: (i) using conventional SPF (TE-Con-
ventional SPF), and (ii) using the sample selection SPF to account for selection bias
(TE-Sample Selection SPF). By looking at the individual group frontiers it shows that
adopters are performing better within their own cohorts than non-adopters, as evi-
denced by higher estimates of TE-Conventional SPF (0.70 versus 0.67) and TE-Sam-
ple Selection SPF (0.73 versus 0.69), respectively. While these estimates cannot be
used to compare between groups, they illustrate the importance of tackling selectivity
bias. These TE differentials show the presence of a managerial gap between adopters
and non-adopters. The effect of correcting for selectivity bias is also reflected in the
distribution of TE scores, where the coefficient of variation (standard deviation/mean)
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in TE scores declined from 20% to 16% for adopters and from 24% to 18% for non-
adopters.

In section 6.2 above, we found that there is a statistically significant productivity
difference between adopters and non-adopters; thus, we cannot use the individual
group frontier’s estimates to compare the performance of farmers. In order to make a
meaningful comparison across adopters and non-adopters we fitted a meta-frontier
based on O’Donnell et al. (2008). For this purpose, we used the estimated parameters
from the TL sample selection model specified in equation (7) and fitted the meta-fron-
tier using the linear programming option in SHAZAM. For brevity, and since the
variables were adjusted to have zero means, the first-order coefficients and estimates
for the dummy variables of the meta-frontier are given as:

ln bYi ¼ 8:405þ 0:351 lnX1 þ 0:015 lnX2 þ 0:078 lnX3 þ 0:023 lnX4 þ 0:167 lnX5 þ
0:494 lnX6 þ 0:069D2 þ 0:228D3 þ 1:294D4 � 0:124D4 lnX1 þ 0:007D4 lnX2 þ
0:165D4 lnX3 � 0:022D4 lnX4 þ 0:222D5 lnX5 � 0:315D4 lnX6

ð8Þ
This fitted meta-frontier was used to obtain estimates of MTR and TE using equa-
tions (4) and (5). A summary of results (MTR and TE-Metafrontier), presented in
Table 5, demonstrates unambiguously the risk of ignoring within-sample differences
in technology adoption. The estimated mean meta-technology ratio for farmers
adopting CSs (0.90) was significantly higher than for farmers who did not adopt CSs
(0.54). Consequently, the mean TE relative to the meta-frontier for farmers adopting
CSs (0.61) was significantly higher than for non-adopters (0.37).

The analysis of TE scores demonstrates the need to correct for biases from observed
and unobserved variables. The empirical results show that without the appropriate
corrections, inefficiency was overestimated, while the gap in performance between

Table 5

Descriptive statistics of TE scores from alternative models for rice farmers

Item Mean St.Dev Minimum Maximum CV(%)*

Adopter

TE-Pool† 0.68 0.15 0.37 0.96 21
TE-Conventional SPF‡ 0.70 0.14 0.41 0.97 20
TE-Sample Selection SPF 0.73 0.12 0.27 0.96 16

Metatechnology ratio (MTR) 0.90 0.11 0.36 1.00 12
TE-Metafrontier§ 0.61 0.15 0.18 0.92 24
Non-adopter

TE-Pool† 0.67 0.16 0.37 0.96 24
TE-Conventional SPF‡ 0.67 0.16 0.38 0.96 24
TE-Sample Selection SPF 0.69 0.13 0.17 0.92 18
Metatechnology ratio (MTR) 0.54 0.23 0.10 1.00 43

TE-Metafrontier‡ 0.37 0.18 0.04 0.93 50

*Coefficient of variation.
†TE estimates using the conventional SPF and the pooled dataset.
‡TE estimates relative to the individual group’s frontier using the conventional SPF.
§TE estimates relative to the metafrontier.
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adopters and non-adopters was underestimated. In the findings reported by Mayen
et al. (2010) and Bravo-Ureta et al. (2012) the evidence of bias was the opposite,
where the differentials between treated and control units decreased as correction for
bias was implemented.

6.4. Other key outcomes

The average effects of the CS technology on key outcomes are calculated by compar-
ing output, gross and net returns, and total costs for adopters and non-adopters. The
impact of the treatment on the treated (the ‘causal effect’ of technology adoption)
(ATET) is estimated using the expression presented in equation (1) and the results are
presented in Table 6. The average of the difference in the outcomes of the two groups,
adopters and non-adopters, is computed using the matched samples (Table 6).

Based on the results presented in Table 6, there is evidence of a statistically signifi-
cant difference between the outcomes of CS adopters and non-adopters. All of the
signs of the ATETs are positive indicating that the outcome variables for adopters are
higher than they are for non-adopters. On average, a difference of about P7,692 in net
returns per hectare was observed after taking into account biases from observable and
unobservable characteristics of farmers. Considering the average rice area of
1.09 hectares per household, this difference translates to approximately P8,385 per
household. The average household rice income in 2006/07 was P83,284 (Beronio
et al., 2010).4 Hence, our analysis shows that the adoption of CS technology has had
a positive effect on the well-being of rice farmers amounting to approximately 10% of
the average income of households that produce rice. This result is consistent with ear-
lier studies on the impact of technology adoption in agriculture (Pufahl and Weiss,
2009; Wu et al., 2010; Bravo-Ureta et al., 2011).

Finally, we obtained the predicted outputs of rice at the farm level, average farmer
level and frontier level. The least squares estimates of equation (4) were used to obtain
the predicted values for average farmers, while the maximum-likelihood estimates

Table 6

Effects of CS technology adoption on key outcome variables

Variable Adopter Non-adopter ATET Standard error t-statistic*

Yield (kg/ha) 4,431.0 3,469.6 961.4 63.9 15.1

Gross returns (P/ha) 44,949.3 34,336.0 10,613.3 722.4 14.7
Total costs (P/ha) 20,938.6 18,017.7 2,920.9 389.0 7.5
Net returns (P/ha) 24,010.7 16,318.4 7,692.3 615.5 12.5

Notes: * the t-statistic is used to test that null hypotheses that there is no difference between the

mean of outcome variables for adopter and non-adopter. This is a test for the average treatment
effect on treated (ATET) using bootstrapped standard errors.

4According to the 2006 Family Income and Expenditure Survey (FIES), the average household
income of the bottom 30% of the population in the Philippines was P49,000. While this is not

an ideal point of comparison, as the survey includes urban and rural households, it clearly
shows that even a poor rice farmer in the bottom segments can explore the possibility of
improving their household income. A more recent FIES survey showed that the average rural

farming household income in 2009 was P94,909.
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were used to obtain predicted outputs for frontier farmers. The values presented in
Table 7 confirm the presence of clear gaps in rice productivity. We note that the con-
cept of a yield gap has been widely used to examine the performance of a particular
production unit by identifying the constraints to production. The yield gaps are attrib-
uted by scientists to technology differences and the evidence suggests that large yield
gaps for rice still exist under both favourable and less favourable conditions, and that
they could be narrowed to achieve productivity gains (e.g. Duwayri et al., 2000).
Clearly, two ways to close this gap are to encourage adoption of yield-enhancing tech-
nologies and to improve the TE of smallholder rice farmers given their technology.

7. Conclusions

Increasing productivity in rice production remains a challenge in the Philippines and
the same is true for other major grains and many other countries, particularly as we
witness sharp increases in food prices (Anon, 2012). In this study, an emerging frame-
work that combines a selection corrected stochastic production frontier (SPF) model
with propensity score matching (PSM) was applied to disentangle the effects of tech-
nology and managerial gaps on rice productivity. A group of adopters was matched
with non-adopters of CSs using PSM to reduce biases from observed variables. Fol-
lowing Greene (2010) and Bravo-Ureta et al. (2012), the biases stemming from unob-
served variables were addressed using an SPF framework that corrects for such
biases. Initial model diagnostics confirmed that selection bias was present; thus, pro-
viding justification for the combined framework.

The results of this study confirm the important role that several variables play on
the adoption of certified seeds. In order to enhance technology adoption, there is a
need to broaden the delivery of extension-related activities, including the provision of
training, expansion of on-farm demonstrations and strengthening the support given
by extension workers to farmers. In addition, improved access to credit will encourage
the adoption of this technology. On the other hand, there is a need to offset factors
that constrain the adoption of CSs including the improvement of drought manage-
ment while giving support to farmers suffering from submergence.

Finally, analyses of the impact of adoption of CSs suggest that there are significant
differences in performance between adopters and non-adopters. These differences are

Table 7

Observed and predicted production of rice (kg/ha)

Item Mean St.Dev.

Adopter

Observed (farm-level) 4,403 1,594
Predicted (average farmer)* 3,884 996
Predicted (frontier farmer)† 6,242 1,300

Non-adopter
Observed (farm-level) 3,470 1,436
Predicted (average farmer)* 3,369 1,012

Predicted (frontier farmer)† 5,114 1,239

*Predicted output using ordinary least squares.
†Predicted output using SPF with sample selection.
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in terms of output and TE and in both cases adopters perform better. In other words,
we uncover significant technological and managerial gaps both favouring adopters
and these gaps are more pronounced after correcting for selection bias. Moreover, we
find that the adoption of CSs can have a significant positive impact on the net income
of rice farmers and thus on poverty alleviation.
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