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Examining linkages among multiple sustainable development out-
comes is key for understanding sustainability transitions. Yet rigorous
evidence on social and environmental outcomes of sustainable devel-
opment policies remains scarce. We conduct a national-level analysis
of Brazil’s flagship social protection program, Zero Hunger (ZH), which
aims to reduce food insecurity and poverty. Using data from rural
municipalities across Brazil and quasi-experimental causal inference
techniques, we assess relationships between social protection invest-
ment and outcomes related to sustainable development goals (SDGs):
"no poverty" (SDG 1), "zero hunger" (SDG 2), and "health and well
being" (SDG 3). We also assess potential perverse outcomes arising
from agricultural development impacting "climate action" (SDG 13)
and "life on land" (SDG 15) via clearance of natural vegetation. Despite
increasing daily per capita protein and kilocalorie production, summed
ZH investment did not alleviate child malnutrition or infant mortality
and negligibly influenced multidimensional poverty. Higher invest-
ment increased natural vegetation cover in some biomes but increased
losses in the Cerrado and especially the Pampa. Effects varied substan-
tially across subprograms. Conditional cash transfer (Bolsa Familia [BF])
was mainly associated with nonbeneficial impacts but increased pro-
tein production and improved educational participation in some
states. The National Program to Strengthen Family Farming (PRONAF)
was typically associated with increased food production (protein and
calories), multidimensional poverty alleviation, and changes in natural
vegetation. Our results inform policy development by highlighting
successful elements of Brazil’s ZH program, variable outcomes across
divergent food security dimensions, and synergies and trade-offs
between sustainable development goals, including environmental
protection.
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Sustainability is an elusive societal goal requiring transitions
across multiple dimensions—including food security, poverty

alleviation, health, and environmental protection (1). These
major global challenges are interrelated (2) and are reflected in
national and international development agendas, including the
SDGs (3).
Food insecurity (SDG 2) remains an intractable global prob-

lem (4). Addressing it requires meeting multiple objectives si-
multaneously: enough healthy and nutritionally diverse food
needs to be produced and available at all times to a pop-
ulation with physical and economic access to it (5). Food
security is directly linked to poverty alleviation (SDG 1) and
SDG 3 (6). However, agricultural production is also a key
driver of natural vegetation and biodiversity loss (conflicting
with SDG 15) and greenhouse gas emissions (conflicting with
SDG 13) (7, 8).
Understanding synergies and trade-offs among multiple sus-

tainability objectives and how they are influenced by policy inter-
ventions has been a key focus of scholarly and policy discussions
around the globe (9). Despite recent methodological advances in
causal impact estimation empirical research which quantifies syn-
ergies and trade-offs among diverse social and environmental out-
comes from poverty alleviation programs is still extremely rare (10).

There is a marked and urgent need for such studies to ensure that
the impacts of development programs across the range of intended
and unintended sustainable development outcomes are quantified
and considered when formulating policy. We address this gap by
assessing how Brazil’s flagship Zero Hunger (ZH) social protection
programs have affected food production, multidimensional poverty,
child malnutrition, infant mortality, and changes in natural vege-
tation cover. National development strategies frequently implement
social protection programs to support livelihoods, alleviate income
or food poverty, and manage vulnerability to shocks (11). Programs
are often designed and evaluated as single instruments. A crucial
part of any program evaluation is assessing whether program
objectives are met, but programs rarely assess secondary outcomes
that are not core objectives (12). This restricted focus increases
the risk that trade-offs and perverse outcomes remain undetected,
potentially generating incomplete conclusions on program
effectiveness (13).
In our assessment of ZH’s social protection programs, we le-

verage a suite of high spatial resolution datasets and use a quasi-
experimental approach that combines covariate balancing weights
with multiple regression analyses to help control for potential
nonrandom program implementation. Our analysis provides in-
sights on how to achieve multiple sustainability outcomes and is
directly relevant to the design and implementation of social pro-
tection mechanisms in other regions of the world, particularly,
sub-Saharan Africa where several programs are partly based on
ZH (14).

Significance

Meeting SDGs requires assessing trade-offs and synergies
across divergent goals and robust policy impact evaluation.
Using quasi-experimental inference methods, we assess im-
pacts of Brazil’s Zero Hunger (ZH) social protection programs.
ZH investment increased per capita calorie and protein pro-
ductions. Social impacts (multidimensional poverty, child mal-
nutrition, and infant mortality) were more limited, and the
direction of change in natural vegetation cover was biome
specific. Conditional cash transfer (BF) generated fewer bene-
fits and more trade-offs than agricultural support (PRONAF).
Results inform policy development, including roll out of ZH
inspired programs in sub-Saharan Africa. We highlight suc-
cessful elements of social protection programs, synergies, and
trade-offs between multiple SDGs including environmental
protection.
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Brazil’s ZH Program
The ZH program aimed to lift 44 million poor Brazilians out of
poverty and food insecurity and was fully implemented in 2004
(15). Four subprograms formed the core of ZH and, at its in-
ception, received ∼90% of ZH’s total budget (15). ZH has since
evolved into other initiatives (Brasil Sem Miseria, i.e., Brazil
without extreme poverty) that continue to operate these four
subprograms with national government funding allocated to state
or municipal governments and, in some instances, directly to
program beneficiaries. Small-scale family farmers are the pro-
grams’ primary target beneficiaries due to their key role in rural
development and national food security (16, 17). They are pro-
vided with: i) low interest agricultural credits through PRONAF
and, ii) access to price-controlled markets through The Food
Acquisition Program (PAA). The markets created through PAA
are operated by state-linked institutions that buy produce di-
rectly from local farmers to supply social assistance programs,
government funded school,s and local markets (15). A key social
assistance program is iii) The National School Feeding Program
(PNAE) which provides free school meals to all children and
promotes the use of produce from family farms (15). Finally,
families in poverty, many of which are small-scale farmers, qualify
for monthly cash transfers through iv) the BF subprogram, con-
ditional on child school attendance and participation in family
health checks and vaccination programs (although families with-
out children can also get support) (15). ZH and core subprograms
predate the SDGs and do not combine objectives focused on
protecting the natural environment or climate change mitigation
with its objectives concerning food production and poverty.
Nevertheless, these programs form an integrated large-scale
initiative with the potential to influence both social and environ-
mental dimensions captured in the SDGs framework, including
rural livelihoods and food security, health outcomes, agricultural
production, and land-use change. Assessing ZH and its contribu-
tion to multiple outcomes—both intended (food security, poverty,
and health) and unintended (environmental)—is, thus, vital to
get a full understanding of its contribution to transitions to-
ward sustainability (10).
ZH programs have been associated with increased farm in-

comes and productivity (18–20), increases in agrobiodiversity
(21), increased food purchases in food insecure households (22),
reduced child malnutrition (23, 24), and lower infant mortality
(25, 26). Yet, contrasting evidence suggests that ZH programs
have had negligible effects on agricultural production, farmer
livelihoods, child malnutrition, and long-term food security
(27–30) and have failed to reach the poorest and most vulnerable
families (31–33). However, the majority of ZH impact studies
assess impacts on individual treated and untreated households.
They, thus, focus exclusively on microscale pathways that generate
benefits, ignoring the larger-scale indirect pathways through which
benefits can accrue (e.g., impacts of market stimulation on un-
treated households, ref. 34). Assessing aggregate impacts over
larger geographic scales enables us to: first—capture potential
impacts arising from investment in ZH at the cost of reduced
investment in other initiatives (e.g., basic infrastructure, ref. 35);
and second—account for impacts of expansion of agricultural
activities beyond the boundaries of household land parcels. Pre-
vious studies are also limited by a failure to consider spatial het-
erogeneities and/or key confounding factors and have focused on
a narrow range of outcomes that prevent full exploration of syn-
ergies and trade-offs across multiple sustainable development
objectives.

Analytical Approach
We assess ZH effects on food production, multidimensional
poverty, health, and changes in natural vegetation cover using a
quasi-experimental approach and municipal level publicly available

data from national and global sources (see Materials and Methods).
We created a high-spatial resolution longitudinal dataset for rural
municipalities across Brazil (n = 3,786–4,976, i.e., 74–97% of all
rural municipalities—sample sizes were outcome and program
component dependent). We focus on rural areas because this is
where family farmers (one of ZH’s primary beneficiaries) are
overwhelmingly concentrated and because impacts are likely to
be heterogeneous across urban and rural areas. We first analyze
the impact of summed financial investment across ZH’s main
subprograms (PRONAF, PAA, PNAE, and BF), and then sep-
arately assess the impacts of the two largest subprograms BF and
PRONAF, which captured 46% and 42%, respectively, of ZH’s
summed investment between 2004 and 2013. These subprograms
are examples of the types of social protection programs that are
frequently implemented elsewhere: conditional cash transfer to
protect minimum subsistence (BF) and credit provision to support
household investment and livelihood diversification (PRONAF) (11).
We assess impact on changes in multidimensional poverty

(SDG 1), food production (daily per capita kilocalorie and
protein production; SDG 2), child malnutrition (proportion of
underweight infants and children age 12–24 mo; SDGs 2 and 3),
infant mortality (children <1 y; (SDGs 2 and 3), and area (km2)
under natural vegetation cover (SDGs 13 and 15). For all out-
comes, we measure change from 2004 (the first complete year of
ZH implementation) to 2013 (at the time of analysis, the most
recent year with information across all predictor variables). We
use two separate datasets for multidimensional poverty and in-
fant mortality that represent: i) the poorest subsample of each
municipality’s population using data from the national primary
information system (SIAB) (change assessed 2004–2013) (36),
and ii) the entire municipal population using the national de-
mographic census (due to census dates assessing change from
2000 to 2010).
We combine covariate balancing generalized propensity score

weights (CBGPS method, ref. 37) with multiple regression anal-
yses to assess links between investment and changes in outcomes.
This helps limit potential nonrandom treatment allocation bias by
reducing the correlation between treatment and potential con-
founding factors (37) (Materials and Methods and SI Appendix,
CBGPS). We model outcomes in the final year of the evaluation
period as a function of summed per capita investment in ZH (R$).
We account for inflation (IGP-DI index, base year 2013), and control
for 15 key biophysical and socioeconomic factors and baseline con-
ditions, including variables that affect the implementation of
ZH and its subprograms (Materials and Methods and SI Ap-
pendix, Confounding variables and Tables S1 and S2).
Our statistical regression models include interactions between

investment and state or biome to account for potential spatial
variation in program implementation and differential outcomes
in divergent environments. We use our regression models to
predict changes in outcomes resulting from three different in-
vestment scenarios: negligible investment (defined as the first
percentile of investment values to avoid using zero values that
would predict beyond the data range), actual investment, and a
spatially uniform investment (defined as the median investment
value). We map predicted percentage change in outcomes per
municipality (arising from actual and spatially uniform invest-
ments) relative to a negligible investment scenario to visualize
impacts across Brazil. We conduct several robustness tests to
assess if our inferences still apply when excluding lower quality
data—defined as municipalities with: i) extremely large areas
(>10,000 km2) that are likely to have less representative socio-
economic data (38), ii) SIAB data that do not meet quality criteria
defined by the Ministry of Health (39), or iii) natural vegetation
data that cover less than 95% of the municipality’s area due to
cloud cover in 2004 or 2013. Controlling for data quality in our
natural vegetation robustness models leads to the exclusion of
77% and 99.7% of the Amazon and Pantanal biomes’ area. We,
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therefore, exclude these biomes from our robustness tests. We focus
on results from models that use all data when these are qualitatively
similar to those from models that exclude lower quality data and, in
the few cases where discrepancies arise, focus on results from the
latter. We also check and confirm that our results are not unduly
influenced by spatial autocorrelation or endogeneity (Materials and
Methods and SI Appendix, Robustness tests).

Results
We find considerable heterogeneity in the effects of ZH invest-
ment. This variation arises for three primary reasons. First, im-
pacts are outcome specific with evidence of positive, negligible,
and negative effects. Second, within a single outcome, impacts
depended on whether investment is delivered via conditional cash
transfers (BF) or agricultural credits (PRONAF). Finally, within a
single outcome variable and investment mechanism, there is often
considerable spatial variation in the magnitude and direction of
effects (Fig. 1). This is often not simply due to spatial variation in
investment levels (SI Appendix, Fig. S1) as marked spatial varia-
tion in outcomes frequently remains when modeling outcomes
using a spatially uniform investment level (SI Appendix, Fig. S2).

Food Production. Summed investment across ZH subprograms
increased protein production across Brazil, while investment
increased kilocalorie production in three states (Rondonia in the
north, Sergipe in the northeast, and São Paulo in the southeast)
and reduced in two (Acre in the north and Paraiba in the north-
east) (Table 1 and Fig. 1). Substantial spatial variation in out-
comes is partially driven by differing investment levels (SI Ap-
pendix, Fig. S1) as regional variation is reduced when keeping
investment levels spatially uniform (Fig. 1 and SI Appendix, Fig.
S2) as well as trade-offs between kilocalorie and protein pro-
ductions arising primarily from BF investment.
Across most of Brazil, PRONAF investment was associated

with increased protein (mean predicted change per municipal-
ity = 41.0%, SE = 0.9 compared to the negligible investment
scenario; mean increase = 597.0 g per capita per day, SE = 25.7)
and kilocalorie production (mean predicted change per munici-
pality = 32.8%, SE = 0.9; mean increase = 37,668 kcal per capita
per day, SE = 2,601). Although when excluding lower quality data
investment only generated a significant increase in kilocalorie
production in three states (Rondonia in the north, Bahia in the
north-east, and São Paulo in the south-east) and investment sig-
nificantly reduced production in four states (Acre and Para in the
north, Paraiaba in the north-east, and Espirito Santo in the south-
east). While percentage increases in production are more marked
in southern Brazil (Fig. 1), this is linked to higher investment
levels in this region (SI Appendix, Fig. S1): Using spatially uniform
investment levels, PRONAF increases protein and kilocalorie
productions in the north-east at a similar rate to the south, albeit
from a lower base (SI Appendix, Fig. S2). This is notable as the
north-east region has difficult climatic (hot and dry) and socio-
economic conditions and low productivity of family farms (40, 41).
While family farmers in southern Brazil have participated more
actively in larger national and international markets (42), e.g., for
soybean, rice, and beef (43), family farmers in the north-east are
generally poorer (42) but contribute greatly to local and national
production of staple foods, such as rice, maize, and cassava (40).
Diverting some PRONAF funds from the south to the north-east
could, thus, deliver cost-effective national improvements in local
food production targeted at regions with the greatest need and
address a key critique that PRONAF favors wealthier farmers
producing commodity products in the south (32).
BF also increased protein production (mean predicted change

per municipality = 168.1%, SE = 8.8 per municipality; mean
increase = 282.9 g per capita per day, SE = 20.0). Rates of in-
crease appear to be greater in north-eastern states (e.g., Alagoas)
where baseline production was low (Fig. 1) and food insecurity has

been historically high (16). BF impacts probably arise because
conditional cash transfer increases incomes in poor agricultural
households by up to 46% (44). These can either facilitate invest-
ment in agricultural production (as observed for cash-transfer
programs in Mexico, ref. 45) or stimulate food markets and in-
crease local production due to increased purchasing power.
Despite positive BF effects on protein production, we find no

overall effect of BF on kilocalorie production. We find, however,
four states with BF-linked reductions in kilocalorie production
(Amapa in the north, Bahia and Rio Grande do Norte in the
north-east, and Goias in the center-west) and two states with BF-
linked kilocalorie increases (Acre in the north and Rio Grande
do Sul in the south; Fig. 1). These spatial patterns persist when
modeling impacts using spatially uniform investments (SI Ap-
pendix, Fig. S2). One reason why BF investment may not have
increased kilocalorie production may be that some farmers have
used BF investment to switch from production of staple crops to
protein production. To explore this potential mechanism, we
assess rice and cassava productions (which are the main high
kilocalorie crops) and milk and poultry productions (which are
the main high-protein products generated by Brazilian small-
scale farmers and used for local human consumption (16, 46).
We find that total rice and cassava productions have declined by
45% in the north-east, 65% in the center-west, and 30% in the
south-east. We also find that total milk and poultry productions
increased in the north-east (milk = 26%; poultry = 14%), center-
west (milk = 19%; poultry = 17%), and south-east (milk = 15%;
poultry = 38%). Use of cash transfers to purchase rather than
produce food is another potential mechanism for the declines in
crop production (29, 30) especially when falling food prices (due
to increases in agricultural productivity, primarily by large-scale
agrobusinesses) increase purchasing power of money received
through cash transfers especially for low income populations
(47), while simultaneously reducing the profitability of small-
scale production of staple crops. Regardless of the mechanism,
BF does not seem to increase local production of stable crops,
and, at worse, it may reduce it, which could reduce food security
resilience to any future price shocks (2).

Multidimensional Poverty Index.We analyze two multidimensional
poverty measures capturing information on living standards, health,
and education. Our first measure uses data from the poorest sub-
sample of the population (SIAB), while the second captures the
municipality’s entire population (census). SIAB derived multidi-
mensional poverty is not associated with summed ZH investment
across subprograms, and effects of PRONAF investment are neg-
ligible (Fig. 1 and SI Appendix, Table S3). BF investment is associated
with increased SIAB derived multidimensional poverty (Table 1;
mean predicted change per municipality = 80.7%, SE = 0.5; mean
increase = 0.026 multidimensional poverty index [MPI], SE =
0.0003), however, when lower quality data are excluded, a signif-
icant increase in SIAB derived multidimensional poverty only
remains in two states (Mato Grosso and São Paulo).
It is clear that BF has had limited capacity to alleviate mul-

tidimensional poverty and, in some regions, is associated with
increased poverty—these findings are counter to expectations
(25, 48), but our robustness tests strongly suggest that they do not
arise due to hidden bias generated by unmeasured confounding
factors (SI Appendix, Robustness tests). Indeed, previous studies
suggest that, until 2010, BF support did not reach 1.2 million
eligible families, and those that did receive support obtained
insufficient funds to lift them out of poverty (44). Moreover, our
results are compatible with a subnational case study showing that
BF was associated with increased child malnutrition, which is part
of our SIAB derived multidimensional poverty measure (27).
Notably, BF support is conditional on child school attendance,
and we do find that BF investment is associated with improvements
in the educational dimension of our SIAB derived multidimensional
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poverty measure in two states (Parana and Santa Catarina: SI Ap-
pendix, Table S4). These positive impacts, while more limited, match
those of previous research (49) and suggest that conditional cash
transfers dependent on participation in education can support the
educational targets of SDG 4.

There is little evidence that summed investment across ZH
subprograms is associated with notable improvements in our
census derived multidimensional poverty metric. While, when
lower quality data are excluded, ZH investment is significantly
associated with a multidimensional poverty reduction, the overall

Fig. 1. Relative impact of ZH, BF, and PRONAF investments (columns 1–3) on daily per capita kilocalorie production, daily per capita protein production,
multidimensional poverty in the entire population (census), multidimensional poverty in the poorer sectors of society (SIAB), child malnutrition in the poorer
sectors of society (SIAB), and natural vegetation cover (km2). Relative impact is defined as the modeled change (percentage) in the outcome variable when
investment increases from a spatially uniform negligible value (first percentile value) to the actual investment level. Column 4 shows outcome values at
baseline (i.e., year 2000 for multidimensional poverty [census] and 2004 for all others). Relative impact calculations are based on robust multivariable re-
gression models of a covariate-balanced sample (Table 1) that take confounding factors into account including interactions between investment and state, or
biome (in the natural vegetation cover model). States and biomes with significantly different outcomes to the overall effect are indicated by thick black
borders; thin black borders show region borders (rows 1–5) and ecological biome borders (row 6). We use a normative color scheme where, in columns 1–3,
blue indicates beneficial impacts, and red indicates nonbeneficial impacts. In maps of baseline values (column 4) deeper red indicates municipalities with a
worse starting condition, such as high multidimensional poverty or lower coverage of natural vegetation. Gray areas signify municipalities not included in the
analysis because they were urban, have insufficient data, or fall within the model reference state or biome for which no model statistics are available.
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effect is very small (mean predicted change = 1.9%, SE = 0.2 per
municipality; mean reduction = 0.002 MPI, SE = 0.0001). When
all data are included in the models, there is an approximate
balance in the number of states with investment associated re-
ductions in multidimensional poverty (five states: Acre and
Amazonas in the north, Ceara and Rio Grande do Norte in the
north-east, and Rio de Janeiro in the south-east) and poverty
increases (four states: Para in the north, Bahia in the north-east,
and Minas Gerais and São Paulo in the south-east; Fig. 1).
BF investment is generally associated with increases in census

derived multidimensional poverty (mean predicted change =
34.7%, SE = 0.9 per municipality; mean increase = 0.013 MPI,
SE = 0.0002 per municipality) and only one state exhibiting
significant poverty alleviation in response to BF investment in
both the core and the robust models (Fig. 1 and SI Appendix,
Robustness tests). BF investment, however, is linked to significant
improvements in the educational dimension of our census de-
rived multidimensional poverty measure in some states (Para
and Rondonia in the north and Alagoas and Bahia in the north-
east: SI Appendix, Table S4).
Our results suggest that the effectiveness of BF on multidi-

mensional aspects of poverty, other than educational benefits in
some states, is constrained across much of Brazil. There are
numerous possible mechanisms for this. First, supply-side con-
straints may play a role especially insufficient access to health
services (50) and a lack of monitoring of the health and nutri-
tional status of beneficiary families (e.g., between 2005 and 2012,
3.2 million BF households remained unmonitored, ref. 51).
Notably these constraints have been reported to be less marked
in north-eastern Brazil (52), which is where we find some evi-
dence that BF alleviates (census derived) multidimensional
poverty. Second, the increased taxation that is required to fund
BF is disproportionately allocated to the poorer sectors of so-
ciety, thus, increasing fiscal poverty among some BF participants
(53) that reduces their capacity to purchase assets that contribute

to our measure of multidimensional poverty. Finally, insufficient
access to labor markets or longer-term financial security, e.g.,
through pensions, may also limit BF’s ability to reduce multidi-
mensional poverty (44).
In contrast to BF, we find that PRONAF investment was as-

sociated with an overall reduction in our census derived multi-
dimensional poverty measure (Table 1; mean predicted change
per municipality = 9.7%, SE = 0.2; mean reduction = 0.006 MPI,
SE = 0.0001). The largest reductions, measured in terms of
percentage change, occur in southern Brazil (22.2%, SE = 0.3)
(Fig. 1). This is not due to higher investment as this spatial
pattern remains under a uniform investment scenario (SI Ap-
pendix, Fig. S2) and is probably influenced by the lower census
derived multidimensional poverty baselines in this region
(Fig. 1), which increase rates of change expressed as percentages.
PRONAF funds must be invested in agricultural production.

This investment could lead to increases in farm employment
opportunities or stimulate labor markets associated with the
production and sale of agricultural materials and equipment.
Wealthier and more competitive farmers tend to be better
placed than poorer farmers to benefit from any stimulation of
labor markets (54), which might help explain the observed con-
trasting effects between the PRONAF associated improvements
in census derived multidimensional poverty and the negligible
effects in the SIAB derived multidimensional poverty measure.

Infant Mortality and Child Malnutrition. The only detected effect of
ZH investment on infant mortality is that BF investment is as-
sociated with increased SIAB derived infant mortality (mean
predicted change = 59.4%, SE = 0.4 per municipality; mean
increase = 725.4 deaths per 100,000 live births, SE = 5.9 per
municipality; Table 1). These effects were not detectable, how-
ever, when we exclude lower quality data (SI Appendix, Table
S3). Increased child malnutrition for which data are only avail-
able from the poorest subsample (SIAB) is also associated with

Table 1. Impacts of per capita summed ZH, BF, and PRONAF investments on food production, multidimensional poverty, child
malnutrition, infant mortality, and natural vegetation cover from robust multivariable regression models of a covariate-balanced
sample that take confounding factors into account

ZH BF PRONAF

Outcome Coef ± SE P Int. R2 Coef ± SE P Int. R2 Coef ± SE P Int. R2

Kilocalories
(per capita)

0.002 ± 0.04 0.958 2 × 10−9 0.93 −0.02 ± 0.02 0.454 1 × 10−17 0.93 0.03 ± 0.01 0.005 2 × 10−54 0.94

Protein
(per capita)

0.08 ± 0.01 1 × 10−8 1 × 10−25 0.96 0.08 ± 0.02 5 × 10−6 9 × 10−14 0.96 0.04 ± 0.01 3×10−6 6 × 10−76 0.96

Multidim.
poverty (census)

−0.01 ± 0.01 0.144 4 × 10−7 0.77 0.05 ± 0.01 6 × 10−7 0.001 0.79 −0.02 ± 0.004 1×10−6 9 × 10−9 0.77

Multidim.
poverty (SIAB)

0.01 ± 0.01 0.380 0.61 0.08 ± 0.02 2 × 10−6 0.61 0.002 ± 0.01 0.850 0.013 0.61

Child malnutrition
(SIAB)

0.05 ± 0.04 0.192 n/a 0.18 ± 0.05 4 × 10−4 n/a −0.05 ± 0.03 0.099 n/a

Infant mortality
(census)

0.01 ± 0.24 0.961 0.13 0.05 ± 0.22 0.805 0.14 −0.01 ± 0.24 0.976 0.14

Infant mortality
(SIAB)

0.01 ± 0.04 0.777 n/a 0.16 ± 0.05 0.002 n/a −0.02 ± 0.04 0.660 n/a

Natural veg.
(km2)

−0.01 ± 0.004 9 × 10−5 9 × 10−6 0.99 −0.03 ± 0.01 9 × 10−5 0.004 0.99 −0.01 ± 0.003 0.018 5 × 10−5 0.99

Outcomes refer to daily per capita kilocalorie and protein production and multidimensional poverty in the entire population (census), and in the poorer
sectors of society (SIAB), child malnutrition in the poorer sectors (SIAB) and infant mortality in the entire population (census), the poorer sectors (SIAB), and
the area of natural vegetation. Model coefficients are reported ±one SE. Interaction terms (Int.) show P values for the interactions between investment and
state in all models except the natural vegetation model in which the interaction is with biome type. When interaction terms are not significant, we report
results from models that only contain main effects. State and biome have been encoded with deviation (effects) coding, thus, for models with an interaction,
the main effects expressed here represent the average effect of investment across Brazil. Daily per capita kilocalorie and protein productions, multidimen-
sional poverty (census), multidimensional poverty (SIAB), and area of natural vegetation are modeled using robust ordinary least squares (OLS), while infant
mortality (census) is modeled using a negative binomial model, and infant mortality and child malnutrition (SIAB) are modeled with a quasi-Poisson model.
Model r2 for infant mortality (census) is calculated using McFaddens pseudo r2 and is, thus, not comparable to those from OLS models. No pseudor2 is available
for quasi-Poisson models. All models have been adjusted to achieve covariate balance using the CBGPS method (19).
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social security (BF) investment (mean predicted change =
67.7%, SE = 0.4 per municipality; mean increase = 103.4 un-
derweight children per 10,000 weighed children, SE = 1.2 per
municipality; Table 1).
In combination, our results provide strong evidence that in-

vestment in ZH programs is not alleviating SIAB derived child
malnutrition, census, or SIAB derived infant mortality. Our
findings extend earlier work conducted on local scales (27, 29,
50) to the national scale, although studies with beneficial asso-
ciations between BF and child health also exist (25, 26). The lack
of improvements in response to BF investment are compatible
with and, may partly be driven by, higher multidimensional
poverty levels and reduced per capita calorie production from
staple crops, which we also find are associated with higher BF
investment. Lack of improvements from BF investment may also
be linked to insufficient monitoring and resultant intervention of
the health and nutritional status of beneficiary families (see
above), perhaps, due to diversion of funding away from munic-
ipal institutions in charge of monitoring (55) or investments in
basic infrastructure (e.g., education, health centers, and public
sanitation systems) (35, 56). Such infrastructure is still insuffi-
cient in many rural areas (57) and, particularly, among BF re-
cipients (58) but is important for BF and conditional cash
transfers to be effective (59). Similarly, the lack of beneficial
impacts on child malnutrition and infant mortality arising from
PRONAF investment occur despite PRONAF delivering sub-
stantial improvements in per capita food production.
This is unlikely a result of food unavailability due to export

away from local markets since the share of family farm produce
exported abroad is minimal (0.04% of temporary crops and
0.07% of permanent crops in 2006, ref. 60) and again probably
arises due to poor access to health services and basic infra-
structure for this sector of society and perhaps limited partici-
pation in PRONAF among poorer and more vulnerable
farmers (32).

Natural Vegetation Cover. Summed investment across ZH sub-
programs is associated with increased natural vegetation cover in
the Amazon (per municipality mean predicted change = 0.9%,
SE = 0.01; mean predicted increase = 53.9 km2, SE = 5.0;
summed predicted increase = 24,434 km2 across 454 municipali-
ties), Atlantic Forest (per municipality mean predicted change =
2.4%, SE = 0.02; mean predicted increase = 2.5 km2, SE = 0.1;
summed predicted increase = 5,826 km2 across 2,337 municipal-
ities), and Caatinga (per municipality mean predicted change =
0.6%, SE = 0.003; mean predicted increase = 2.9 km2, SE = 0.1;
summed predicted increase = 2,210 km2 across 772 municipalities,
Caatinga predictions are from the model excluding lower quality
data due to a change in the direction of effect compared to a model
that uses all data irrespective of quality (Table 1, SI Appendix, Table
S3, and Fig. 1). In contrast, summed ZH investment is associated
with natural vegetation loss in the Cerrado (per municipality mean
predicted change = 2.8%, SE = 0.04; mean loss = 30.9 km2, SE =
1.6; summed predicted loss = 30,844 km2 across 1,020 municipali-
ties) and Pampa (per municipality mean predicted change = 19.9%,
SE = 0.8; mean loss = 122.6 km2, SE = 13.9; summed predicted
loss = 11,155 km2 across 92 municipalities).
The direction of the effect of PRONAF investment on natural

vegetation cover was the same as impacts of summed investment
(ZH) in all biomes except in the Amazon where PRONAF in-
vestment was associated with deforestation (mean predicted
change = 1.6%, SE = 0.03 per municipality; mean decrease =
96.3 km2, SE = 9.6 per municipality; summed predicted de-
crease = 42,863 km2 across 454 municipalities). PRONAF in-
vestment was associated with natural vegetation gains in the
Atlantic Forest (per municipality mean predicted change = 9.7%,
SE = 0.1; mean increase = 9.7 km2, SE = 0.3; summed predicted
increase = 22,316 km2 across 2,337 municipalities) and Caatinga

(per municipality mean predicted change = 1.2%, SE = 0.01;
mean increase = 5.5 km2, SE = 0.2; summed predicted in-
crease = 5,594 km2 across 1,015 municipalities). In contrast,
PRONAF investment was associated with natural vegetation
losses in the Cerrado (per municipality mean predicted change =
3.0%, SE = 0.03; mean loss = 30.8 km2, SE = 1.6; summed
predicted loss = 31,030 km2 across 1,020 municipalities) and
Pampa (per municipality mean predicted change = 23.9, SE =
0.6; mean loss = 158.5 km2, SE = 17.3; summed predicted loss =
14,427 km2 across 92 municipalities). When the model excludes
lower quality data (which means also excluding all of the Ama-
zon and Pantanal biome), PRONAF loses its overall significant
effect. The effect of investment in the Caatinga and Cerrado also
become nonsignificant and is reduced to less than a 1% average
predicted change, however, the significant gains of natural veg-
etation in the Atlantic Forest remains.
BF is associated with natural vegetation loss in four biomes:

the Amazon (per municipality mean predicted change = 2.5%,
SE = 0.02; mean loss = 181.9 km2, SE = 18.3; summed predicted
loss = 82,597 km2 across 454 municipalities), the Cerrado (per
municipality mean predicted change = 3.9%, SE = 0.04; mean
loss = 45.0 km2, SE = 2.3; summed predicted loss = 45,851 km2

across 1,020 municipalities), Atlantic Forest (per municipality
mean predicted change = 0.9%, SE = 0.01; mean predicted
loss = 1.2 km2, SE = 0.04; summed predicted loss = 2,660 km2

across 2,337 municipalities), and Pampa (per municipality mean
predicted change = 42.3%, SE = 0.6; mean loss = 377.2 km2,
SE = 41.2; summed predicted loss = 34,704 km2 across 92 mu-
nicipalities). In contrast, BF investment is associated with in-
creased natural vegetation in the Caatinga (per municipality
mean predicted change = 0.5%, SE = 0.001; mean predicted
increase = 2.3 km2, SE = 0.1; summed predicted increase =
1,743 km2 across 772 municipalities, Caatinga predictions are
from the model excluding lower quality data due to a change in
the direction of effect compared to a model that uses all data
irrespective of quality Table 1, SI Appendix, Table S3, and
Fig. 1). Consequently, the contrast between negative impacts of
PRONAF and BF on natural vegetation in the Amazon and
apparent positive impacts of summed ZH investment suggest
that the more minor ZH subprograms (i.e., PNAE and PAA)
may drive positive forest transitions in the Amazon.
Our analyses focus on total change rather than fine-scale

spatial dynamics of loss and gain but clearly indicate that social
protection programs can have divergent and biome specific im-
pacts on natural vegetation in biomes that support a number of
endemic and globally threatened species. The Cerrado and
Pampa biomes consistently lost natural vegetation as investment
in summed ZH, PRONAF, and BF increased with proportional
losses being particularly large in the Pampa. This conflicts with
goals to maintain biodiversity (SDG 15). In other cases, invest-
ment was associated with increased natural vegetation cover,
most notably, PRONAF investment was associated with in-
creased Atlantic Forest vegetation—this and other changes in
woody vegetation cover will influence carbon storage and se-
questration (61) and, thus, action to tackle climate change (SDG
13). Investment in the heavily degraded and fragmented Atlantic
Forest might have promoted agricultural intensification, limiting
agricultural expansion, and enabling vegetation regrowth on
more marginal lands. Investments in the Pampa and Cerrado,
however, could have promoted agricultural expansion. Indeed,
spatially explicit analyses across Brazil suggest that positive for-
est transitions in the Atlantic Forest are associated with agri-
cultural intensification, while agricultural expansion has led to
forest loss in the Cerrado (62). The greatest ZH associated losses
of natural vegetation occur in the Pampa in which the flat terrain
could have facilitated expansion of arable systems (soy and sugar
cane) outside the flood plain as this is more profitable than the
low-density livestock system that dominates the region (63) and
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driven by the loss of natural grassland—although expansion of
livestock has also contributed to these losses (64). The expansion
of arable crops is likely to be driven by demand from interna-
tional commodity markets, which tend to drive land conversion
as a result of improvements in production and profitability (2).
Such agricultural expansion is likely to generate other losses of
natural vegetation associated with investment in ZH, including
PRONAF driven deforestation in the Amazon and BF-led veg-
etation losses across most of Brazil (i.e., all biomes except the
Caatinga). Notably cash-transfer programs focusing on poverty
alleviation have been linked to deforestation elsewhere in the
Neotropics because they promote the consumption of products
that require large areas of land for their production (65).

Discussion and Policy Recommendations
Our analysis of ZH’s social protection programs reveals syner-
gies and trade-offs across outcomes and program components.
We show that increases in food production (linked to the food
availability aspect of food security—SDG 2) do not lead to im-
provements in other food security and health measures (child
malnutrition and infant mortality—SDGs 2 and 3). Multidi-
mensional poverty reductions (SDG 1), when present, are
modest especially for the poorer sectors of society. ZH’s social
protection programs have also had substantial effects on natural
vegetation cover (SDGs 13 and15). Notably, the direction of
these impacts vary across biomes, which is probably linked to
regional differences in the capacity for investment to limit agri-
cultural expansion and associated forest transitions. It is clear,
however, when considering all outcomes, that positive synergies
(win–win outcomes) across divergent sustainable development
goals arose more rarely than trade-offs (win–lose) and negative
synergies (lose–lose) as a consequence of investment in social
protection programs (Table 1; see Fig. 2 for examples). Notably
positive synergies can arise across paired outcomes relating to
human well being and environmental protection (Fig. 2). This is
of notable policy relevance as environmental outcomes of social
protection programs are much less well understood than their
impacts on people (13).
Several factors could have increased the probability that

benefits of social protection programs are either limited or trade
off against additional sustainable development objectives. Access
to ZH’s social security programs in Brazil has not been condi-
tional on environmental compliance–this contrasts with the
Brazilian Central Bank’s policy (Resolution 3,545) where rural

credit conditioned on proof of environmental land registration
has reduced deforestation rates in the Amazon (66). Environ-
mental conditionalities imposed on social protection programs
that encourage retention of natural vegetation on land holdings,
while promoting farming practices that can increase yields on
cultivated/grazed areas could help mitigate the trade-offs be-
tween protecting natural vegetation and food production objec-
tives that we document. Such conditionalities would need to be
coupled with mechanisms, such as agricultural extension assis-
tance, to ensure that poorer and disadvantaged farmers (e.g.,
those with small land areas) are able to comply and are not
discouraged from accessing social security programs. These
conditionalities will not, however, curb negative environmental
effects from nonrecipient farmers who respond to program in-
duced stimulation of local markets.
Conditional cash transfers (BF) are associated with improved

educational metrics in a few states, but they have had limited
effectiveness in alleviating multidimensional poverty and health
benefits (a key dimension of poverty). This seems likely to have
been primarily driven by a diversion of funds to cash transfers
and away from the institutions and infrastructure that are also
needed to deliver health improvements (35, 55, 56). Reversing
this change is likely to be costly but beneficial in delivering target
outcomes. Conditioning receipts of benefits on maintaining some
production of staple crops could also limit a shift away from
staple crop production, which has probably also contributed to
limited alleviation of multidimensional poverty and health outcomes,
and increase family farmers’ resilience against price shocks.
National and local contexts need to be considered when social

protection programs are designed, implemented, and evaluated.
Our analyses can, however, inform discussion of the ZH inspired
social protection programs that currently operate in sub-Saharan
Africa, (e.g., conditional cash transfers in Ghana, ref. 67, purchase
from Africa for Africans [PAA Africa] in Ethiopia, Malawi,
Mozambique, Niger, and Senegal, ref. 68, and rural credit in
Zimbabwe, ref. 69). Crop yields in these regions are typically stagnant
and are even falling in some locations against a background of rapid
rises in demand due to human population growth rates (70).
Experimental and theoretical evidences, however, strongly indi-
cate the potential for changes in agricultural practice to close
yield gaps across much of sub-Saharan Africa and meet in-
creasing demand when combined with additional intensification
measures including irrigation and increased cropping frequency
(71). Targeting poverty through improving market access and
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Fig. 2. Positive synergies (win–wins), trade-offs (win–lose), and negative synergies (lose–lose) from (A) ZH, (B) BF, and (C) PRONAF investments across three
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off-farm opportunities will also make substantial contributions to
increasing food security in sub-Saharan Africa (72). ZH derived
social protection programs that simultaneously tackle poverty
and food production are, thus, well placed to contribute to
tackling the region’s food insecurity. This is also likely to gen-
erate health outcomes as food insecurity is a major contributor to
poor health in sub-Saharan Africa (5). Our results highlight a
number of factors that are likely to enhance the success of ZH
inspired programs in sub-Saharan Africa and reduce trade-offs
with other SDGs. Program effectiveness is likely to be particu-
larly influenced by associated investment in health infrastructure
and improved functioning of institutions, including site specific
agricultural extension offices (73, 74), which are often limited in
rural areas of sub-Saharan Africa (11, 75). Despite the potential
to improve food production without requiring agricultural ex-
pansion that trades off against protecting natural vegetation and
associated biodiversity and carbon stocks, avoidance of such
negative synergies is likely to require including environmental
conditionalities in social protection programs. This will also re-
quire supporting agricultural extension offices to advice on en-
vironmental aspects and institutional capacity to monitor
compliance. Regular fine-scale monitoring and evaluations of
interventions that consider social, economic, and biophysical
heterogeneity will also enhance outcomes by suggesting pathways
toward program improvement during implementation cycles.
While our analyses reveal that investment in ZH may have

been less successful in meeting some of its objectives than indi-
cated by previous analyses, we provide nation-wide evidence that
investment has benefited food production and, in some regions,
has additionally benefited multidimensional poverty and natural
vegetation, particularly, from interventions providing rural credit
to family farmers. Recent political changes in Brazil have led to
substantial budget cuts for core subprograms assessed in this
paper (76). Our analyses indicate that these policy changes may

halt or even reverse advances that Brazil has made toward in-
creasing food availability (SDG 2), reducing poverty (SDG 1),
and conserving natural vegetation and its associated benefits
(SDGs 13 and 15).

Materials and Methods
Our analysis relies on a longitudinal dataset spanning the period between
2000 and 2013 and covering between 3,786 and 4,976 rural municipalities in
Brazil. This dataset is constructed from publicly available national and global
datasets. Our identification strategy leverages heterogeneity in investment
levels in ZH and its core subprograms (BF and PRONAF) to assess how social
protection programs influence a range of key indicators linked to multiple
sustainable development outcomes: multidimensional poverty (SDG 1), food
security (SDG 2), health (SDG 3), and natural vegetation changes (relating to
action to tackle climate change SDG 13 and SDG 15). We conduct all our
calculations in R version 3.4.2 (77) and improve the causal inference of our
analysis by using a quasi-experimental design. This design uses a suite of 15
key biophysical and socioeconomic variables to control for potential factors
affecting ZH investment and our outcomes of interest and to generate a
series of covariate balancing generalized propensity score weights. We also
conduct a series of robustness tests to verify that our results are not unduly
influenced by data quality, spatial autocorrelation, and endogeneity. Please
refer to the Supplementary Information for a detailed description of our
methods, including: i) the construction of indicators, treatment variables,
covariates, and respective data sources; ii) information on our regression
model specifications and quasi-experimental design; and iii) robustness tests.

Data Availability. The data and analysis code have been deposited in the
Harvard Dataverse, https://doi.org/10.7910/DVN/RLEPZ5 (78).
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