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Unanticipated Events, Perceptions, and Household
Labor Allocation in Zimbabwe

Abstract

This paper investigates labor allocation as a strategy for coping with unanticipated
events. We evaluate household responses to unforeseen death and rainfall shocks in
Zimbabwe, during a period in which many households were already stressed due to
the country’s long-term economic crisis. In this context, shocks compound existing
stresses. Different types of shocks disparately affect household labor allocation. House-
hold perceptions about the shocks experienced also shift labor use. Perceived rainfall
shocks positively affect the share of labor allocated to migration-related activities and
negatively affect the share of labor allocated to non-participation.

JEL Classification: J01, J43, J61, 015, 055
Keywords: labor allocation; hyperinflation; migration; idiosyncratic and covariate shocks; Africa;
Zimbabwe
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1 Introduction

Across the developing world, environmental change and political instability generate risks
that undermine livelihoods and drive rural households from their home communities. These
relocations have broad implications for population dynamics, labor markets, and the spatial
distribution of economic activity.1 A broad understanding of how economic shocks influence
labor allocation is necessary for planning for and reacting to future disruptions in labor
markets. In this paper, we evaluate household response to unanticipated shocks in Zimbabwe,
examining how a particular set of shocks translated to changes in household labor allocation.
We focus on the years between 2000 and 2015, a time that straddles a period of hyperinflation
in Zimbabwe and the ultimate collapse of the Zimbabwean dollar.2 Consideration of this
period allows us to evaluate the outer extreme of household reactions: because households are
already stressed by these severe macroeconomic circumstances, further labor shifts delineate
the bounds of a household’s possible labor responses.

In Zimbabwe, as elsewhere in Sub-Saharan Africa, risk and shocks are of particular
concern for rural households. Weather variability, economic fluctuations, and numerous other
events can expose households to extreme, albeit transitory, hardships. Covariate risks include
the vagaries of rainfall and temperature, fluctuations in prices, changes in macroeconomic
and policy conditions, and disease epidemics; idiosyncratic shocks include the deaths of
household members, asset losses, and sometimes crop failures.

To cope with with these risks and shocks, households employ a variety of ex ante and
ex post coping strategies. Ex ante risk-pooling arrangements are well documented and in-
clude various insurance mechanisms, both formal and informal, as well as familial sharing,
gifts, and other network-based insurance arrangements.3 Alternative methods of ex ante
mitigation include precautionary saving (Deaton, 1989; Alderman and Paxson, 1992; Paxon,
1992; Rosenzweig and Wolpin, 1993; Udry, 1995), crop diversification (Morduch, 1993; Der-
con, 1996; Cavatassi et al., 2011; Michler and Josephson, 2017), and grain storage (Park,
2006; Michler and Balagtas, 2016). To varying degrees, many rural households can be found
engaging in multiple ex ante risk mitigation techniques.

Alternatively, ex post coping strategies are only undertaken when typical consumption is
1See Reuveny (2007), Locke (2009), Tacoli (2009), Renaud et al. (2011).
2At the time of writing, Zimbabwe is suffering from what appears to be a second macroeconomic crisis,

following the reinstatement of an independent currency in the summer of 2019. For the sake of clarity, in
this paper, we refer to only the first currency collapse and period of hyperinflation, unless otherwise noted.

3See Townsend (1994), Udry (1994), Ligon et al. (2002) Fafchamps and Lund (2003), Fafchamps and
Gubert (2007), among others.
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threatened, after the experience of some event. These methods often include borrowing or
depleting assets (Ersado et al., 2003; Ward and Shively, 2015). Another ex post strategy is
to allocate household labor to different uses, either to off-farm activities or by migrating.4

Börner et al. (2015) show that ex ante and ex post strategies are often combined.
Labor reallocation is not unique to shocked environments: individuals and families may

use non-farm labor in order to cope with existing and/or persistent constraints. Further, the
movement of resources out of agriculture is characteristic of structural transformation, dur-
ing which workers transfer labor off-farm and enter formal wage employment (Lewis, 1954;
Kuznets, 1966; Todaro, 1969). Both technological and demographic changes drive these pro-
cesses. Workers may exit agriculture in response to insufficient land endowments, technolog-
ical improvements that lower agricultural labor requirements, or infrastructure shortcomings
which limit labor productivity in agriculture. Workers enter the modern sector as improved
technology and manufacturing capabilities have the potential to reinforce existing incentives
to reallocate labor and to create new pressures to adjust; these changes create new jobs and
higher wages in the sector (Bhaumik et al., 2006).

Shocks have the potential to exacerbate the factors which change labor allocation, though
these shifts are not necessarily in expected directions. Insufficient, excessive, or otherwise
variable rainfall, for example, can change the relative returns to labor on- and off-farm. This
may lead workers to seek opportunities in the non-farm sector. At the same time, other fac-
tors, such as family characteristics, aspirations, or external circumstances can shape these
behavioral responses. To study this set of relationships, we extend previous work by jointly
considering long-distance migration, local off-farm work, and on-farm labor activities as
competing ways to allocate and reallocate labor. This allows us to investigate our primary
research question: namely, what factors influence the way households allocate labor in re-
sponse to unforeseen events, in an already stressed context?

In much of the literature, economists have assumed that households allocate labor be-
tween on-farm and off-farm activities in order to maximize utility (Huffman, 1980; Sumner,
1982). Households may also participate in off-farm activities to smooth consumption and
mitigate the impacts of shocks, either ex ante, ex post, or both.5 Due to issues such as
seasonality and risk management, many farm households participate in both on-farm and
non-farm employment (Bhaumik et al., 2006). Incentives and decisions are not solely driven

4See Kochar (1995, 1999) for India; Berhanu and White (2000) for Ethiopia; Debela et al. (2012) for
Uganda.

5See Kochar (1995, 1999) for India; Barrett et al. (2001) for Côte D’Ivoire and Kenya; Barrett et al.
(2006) for Côte D’Ivoire; Yang (2006) for El Salvador.
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by structural transformation and technological change. For example, in a household with
many members, weak land endowments, and low marginal productivity of labor in on-farm
work, there may be an incentive to allocate some portion of the household’s labor off farm.
Simultaneously, higher off-farm wages or opportunities to reduce risk may make off-farm
activities more attractive (House and Rempel, 1978; Shively, 2001; Bhaumik et al., 2006).
Much of the research in this area examines migration in the context of a negative correlation
between agricultural income and off-farm income, determining that diversification is an ex
ante norm with respect to risk reduction (Alderman and Paxson, 1992; Reardon et al., 1992,
1998). While there is a smaller body of literature which considers these strategies ex post
(Yang, 2006), less is said about the motivators of labor allocation after the experience of a
shock. We seek to contribute to this literature by adding to the discussion about ex post
shock labor allocations.

We also contribute to the literature which compares covariate and idiosyncratic shocks as
well as household perceptions about the experience of these shocks. Evidence suggests that
households cope differently with idiosyncratic and covariate shocks. For idiosyncratic shocks,
informal mechanisms prevail (Abegunde and Stanciole, 2008; Pradhan and Mukherjee, 2017).
Conversely, responses to covariate shocks show reliance on migration and remittances (Yang
and Choi, 2007; Yang, 2008). Yang (2006), Harrower and Hoddinott (2005), Börner et al.
(2015) provide some evidence on both idiosyncratic and covariate shocks, finding that house-
hold responses to shocks vary based on the type of shock. A household’s perceptions about
a shock may also influence its reactions and responses. We extend the research about this
by investigating ex post household labor response to three different shocks and perceptions
about one of these shocks. The shocks of interest occur at different levels, and we therefore
expect their effects to be different, both in the direction, degree, and magnitude of effect.
First, we consider an idiosyncratic shock: the death of a household member between the ages
of five and sixty-five. Next, in recognition that any single death within a household may
be correlated with other deaths in the area due to the prevalence of communicable disease,
we define the second shock as a covariate measure of deaths within the broader community.
Finally, the third shock is a purely covariate event, a rainfall shock, for which we explore
two measurements of that variable: (1) a calculated value of experienced rainfall and (2) a
perception variable determined by the household. This latter measure allows us to investi-
gate the dynamics associated with differential behavior when perceptions of an event differ
from the actual lived experience of that event.

We study resulting labor responses using household labor shares devoted to (i) on-farm
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labor, (ii) off-farm labor, (iii) migrant labor, and (iv) unemployment or non-participation in
labor activities. We find multiple drivers of labor allocation. Shocks appear to compound
existing stresses. Further, different types of shocks disparately affect household labor alloca-
tion. We also find household perceptions about the shock experienced are further associated
with shifts in labor use. We find that perceived rainfall shocks positively affect the share
of labor allocated to migration activities but negatively affect the share of labor allocated
to non-labor participation. Further, we provide empirical support for off-farm work and
migration as ex post mechanisms for coping with realized negative shocks. We also provide a
methodological contribution that could be used by others to explore these questions in other
contexts. Finally, we are among the first to consider household labor response in the con-
text of Zimbabwe’s hyperinflation and currency collapse. We hope that this work can guide
current policy and understanding of labor allocation in times of stress around Sub-Saharan
Africa, in particular in Zimbabwe, as the nation continues to face ongoing macroeconomic
challenges.

2 Country Context and Data

2.1 Country Context: Zimbabwe

Zimbabwe is perhaps best known for macroeconomic instability and the collapse of its cur-
rency. Zimbabwe’s macroeconomic difficulties began in the 1990s when the government
undertook a structural adjustment program. This program included land reform and re-
sulted in declining food production, a collapsing banking sector, rising unemployment, and
declining life expectancy nationwide (Coltart, 2008).

The period of “hyperinflation” of interest in this paper refers to the period between 2004
and dollarization in 2009, during which the inflation rate rose precipitously. In July of 2007,
the Zimbabwean government ceased to publish official inflation figures. Thus, during this
period actual hyperinflation and, as a result, corresponding prices, are difficult to ascertain.
By most accounts, in 2008 the inflation rate accelerated dramatically, from a rate in January
of over 100,000% to an estimated rate of over 1,000,000% by May, and nearly 250,000,000%
by July. The worst inflation occurred in 2008, which led the nation to abandon its currency
by 2009 (Hanke, 2009; Hanke and Kwok, 2009). The peak month of hyperinflation occurred
in mid-November 2008 with a rate estimated at 79,600,000,000% per month. At this time
US$1 was approximately equivalent to Z$2,621,984,228 (BBC, 2008).

When the currency collapsed, the United States dollar became the country’s de facto

5



currency, ending hyperinflation. But, during and following this period, many industries
suffered and economic growth stagnated,which produced causing continued and reverberating
impacts. Market liberalization and rising importation of many products drove up production
costs. Land reform resulted in the loss of knowledge from large-scale farmers, some of whom
had their land seized by the government and left the agricultural sector. Between the early
1990s and the early 2000s, maize production fell by 40 percent and production of other
cereals fell by 20 percent (FAO, nd). These declines resulted in widespread food insecurity
and increases in poverty incidence: about 75 percent of the population now lives below the
poverty line (CIA, nd).

In 2009, Zimbabwe was ranked as having the highest official rate of unemployment in
the world at 95 percent of the population.6 Since then, the economy has rebounded and
employment has risen. Many jobs are in the mining or tourism sectors, although some
individuals also work on commercial farms. Migration included movements to developed
nations, including the United States, Australia, and Canada, as well as to border nations,
including South Africa, Zambia, Botswana, and Mozambique. Subsistence farming remains
common.

It was during the period of hyperinflation that our data were collected. The first round
of data was collected before the most intense period of hyperinflation and the second round
data was collected shortly afterward. Because of the complex nature of this time-frame, we
pay careful attention to certain aspects of the data, including prices for inputs, labor, and
outputs, as well as institutions and market participation. In certain cases, data are unreliable
or unavailable. We account for these limitations in our empirical estimation.

2.2 Data Sources

We use two sources of data: (1) household panel data from the International Crop Research
Institute for the Semi-Arid Tropics (ICRISAT) and (2) annual growing season rainfall data
from the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS).

The ICRISAT data were collected in two waves for the 2004/2005 and the 2012/2013
growing seasons. The survey contains comprehensive information on agricultural practices,
household consumption, and labor allocation. The survey regions span three provinces in
Zimbabwe: Matabeleland North, Matabeleland South, and Masvingo. In these areas, key

6This measure should be regarded with some skepticism as with all measures of unemployment in devel-
oping nations. These numbers often fail to capture informal employment which can cover a sizable portion
of the working population.
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informant interviews were held with extension staff and farmers, contemporaneously with
household survey data collection, in order to gain qualitative data on district institutions,
local weather and climate, and other relevant community-specific information.

We use an unbalanced panel of 578 households from the first round and 399 households
from the second round, for a total of 977 observations.7 We estimate our model in two
stages: we first estimate shadow wages and then estimate labor shares, as a function of these
shadow wages and other variables. Table 1 presents the summary statistics for the variables
used in estimating shadow wages (Panel A presents on-farm labor, Panel B presents migrant
labor, and Panel C presents off-farm labor). Table 2 presents the summary statistics for
variables used in the system of equations for labor shares to on-farm, migration, off-farm
labor, and unemployment (Panel B presents household traits and Panel C presents the shocks
themselves).8 The labor share equations use several of the same variables as the shadow wage
equations; these variables are not repeated in Table 2 but instead are designated with an
asterisks (∗) in Table 1.

Summary statistics for the three shocks are presented in Panel A of Table 2.9 We derive
the idiosyncratic labor shock using the ICRISAT data. We determine if the household lost a
household member in the past year. In order to control for deaths that may be anticipated,
we omit deaths of those under the age of five and over the age of sixty-five.10 Next, as
the death of a single household’s member may be part of a broader pattern within the
community, making the shock potentially covariate in nature, we also calculate a measure

7All efforts were made to interview the same households in both rounds of the survey, however, as with
any panel, there was some attrition. More than 80 percent of the original households were re-surveyed. We
test to ensure that attrition was non-random and unbiased. Tests indicate that there are slight differences
between groups, but ultimately attrition was random and should not bias results. More details available in
Josephson and Ricker-Gilbert (2020).

8We refer to non-labor participation as “unemployment” in our discussion, but recognize activities such as
housework, caring for children, and other non-earning tasks would be included in this measure. Specifically,
with this measure, we seek to include and measure how many people are not earning income from labor.

9To examine the exogeneity of shocks, we test that the shocks are not systematically related to any
household traits. These tables are presented in Appendix Table A2. These results suggest that by and large
these shocks are exogenous and not related systematically to observable household variables. Of course,
there may be unobservable variables for which we are not able to explicitly test the correlations, but this
is addressed in our empirical estimation method. Further, it bears mention that perceptions in particular
may be correlated with some of these unobserveable variables, if the variable itself is measured based on
perceptions of household members. However, we do not find systematic correlation with observable and
measurable variables.

10We use the death of a household member as an idiosyncratic shock, following literature which examines
idiosyncratic shocks (Dercon, 2002, 2004). However, we recognize that this is not a wholly perfect measure
as the death of a family member can sometimes be anticipated because of illness. We attempt to control for
this by omitting the old and young.
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of deaths in the community: for household j, the measure includes the observed proportion
of households in household j’s village c that experience a death, excluding household j from
the calculation. This represents the degree of death in the village, and thus household j’s
neighbors. The benefit of this measure is that, by construction, the variable is not directly
correlated with household j’s characteristics. We use this as our second shock, the covariate
labor shock.

Next, we use CHIRPS data to derive the first of our two rainfall shocks: the “measured”
rainfall shock. CHIRPS is a thirty-year quasi-global rainfall dataset that spans 50-degree-S
to 50-degree-N, with all longitudes and incorporates 0.05-degree resolution satellite imagery
with in-situ station data to create a gridded rainfall time series (Funk et al., 2015). We
calculate the measured rainfall shock based on deviations from expectations of observed
historic weather outcomes. Using community level rainfall, we calculate the rainfall shock
as a Z-score, defined as:

λct = |rc, t−1 − r̄c
σrc

|, (1)

where rc, t−1 is rainfall in the previous growing season and r̄c is the average annual seasonal
rainfall, for community c. σ is the standard deviation for the community. We use twenty
years of rainfall to calculate the mean (r̄c) and standard deviation (σ) as this accounts for
learning over time about weather patterns as well as related accumulated experience, as
farmers may have experienced shocks in previous seasons. Alternative measures using ten
years and thirty years were also tested with no significant differences.

Finally, we determine our “perceived” rainfall shock, as household perceptions may differ
from actual experienced circumstances. We use a survey question from the ICRISAT data
that asked if households had experienced a rainfall shock. The question did not specify
whether that shock was positive or negative, but was likely perceived by most households to
be inquiring about a negative shock. This is a binary measure, equal to zero if a household
perceived they did not experience a shock, and equal to one, if a household perceived they
did experience a shock. Figure 1 presents the responses of households, considering if they ex-
perienced a shock, compared with the measured shock, above. There is some disagreement:
many households which did not experience a shock, perceived that they did. We employ
this alternative measure in a different model specification, as households may respond differ-
ently in their allocation of labor based on their perceptions, rather than actual experience.
Household perceptions of a shock may be influenced by households’ previous experience with
shocks, their amount of experience with a particular type of labor activity, their frame of
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reference for the shock itself, as well as others’ frames of reference for the shock. These sorts
of unobserveables could drive a disparate perception of a shock, from the actual measured
event itself, but are difficult for us to measure directly. This motivates our consideration of
both metrics as well as a comparison of the two measures to better understand how behavior
may vary based on a perceived event, rather than an actual experienced event.

3 Empirical Strategy

Our empirical model is a system of four jointly estimated labor share equations (Skoufias,
1994; Shively and Fisher, 2004; Fisher et al., 2005).

3.1 Estimating Shadow Wages and Labor Shares

Shadow wages represent labor returns to a given activity. Differences between shadow wages
and observed market wages suggest sub-optimal participation in that activity. This can
cause problems in estimation as either omitting the non-participants or imputing returns at
a given market return may bias the estimates of the labor allocation response. To eliminate
this bias, we specify a system of equations, predicting each household’s shadow wage for
each activity. We estimate shadow value equations and then use these predicted shadow
wages to estimate the system of labor share equations. Using predicted shadow wages for
all households helps to avoid possible measurement error and/or heterogeneity which may
arise from using a combination of imputed and observed prices (Fisher et al., 2005). It also
helps us to address the issues associated with observing no wage when households did not
engage in an activity. We separately estimate three shadow wages: (1) the value of on-farm
labor, (2) the value of migration labor, and (3) the value of off-farm labor. Estimates are
presented in Table A1 in the Appendix.

First, participation in on-farm production is observed for all households in the sample and
so the shadow value of on-farm labor is computed following Skoufias (1994) and Shively and
Fisher (2004). A farm-level production function is estimated in logarithmic form, including
independent variables measuring labor, fertilizer and other inputs, and land area. To estimate
we follow: ˆW farm

it = β̂it · Ŷit

Lfarm
it

. Fitted values of output are obtained for each household and
combined with the observed level of labor inputs and the estimated parameter for labor, in
order to create a shadow wage of labor on each farm in each year.

Next, we similarly estimate returns from migration participation. Over 30 percent of
households reported receiving migration remittances. Taking advantage of this, we employ
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a method similar to that outlined by Skoufias (1994). Instead of a production function,
however, we estimate the equation using factors which would contribute to the wage earned
in real 2012 $USD, based on household reporting of remittances earnings. These factors
include age and education of the migrant, as well as location (domestic or international), the
level of local participation in migration, whether the household has another migrant, and the
distance from the migrant’s community to international borders. These variables allow us
to control for the difference in labor opportunities which may arise from supply side factors,
including factors like the demand for particular skills or qualities in workers. To estimate
we use: ˆWmigration

it = β̂it · Ŷit

Lmigration
it

. Then, we use fitted values and the estimated parameter
for labor to calculate the shadow wage.

Finally, we face a challenge in estimating shadow wages for off-farm labor, as these wages
are not reported in the data. We proxy for these earnings by creating a variable based
on Zimbabwe’s minimum wage rates and the prevalence of regional mining opportunities.
Mining is one of the largest industries in Zimbabwe and accounts for a substantial percentage
of formal and informal domestic off-farm labor participation. There is a minimum wage in
mining, approximately $200 per month. Zimbabwe’s National Employment Council sets
wages, which vary slightly by industry. However, the wage is uniform across Zimbabwe and
across mine types. But, due to lack of enforcement by government and often low levels of
information among workers, the minimum wage laws are not uniformly paid: wages are often
lower than stipulated by regulations and mining is frequently done informally. In order to
capture this variability, as well as introduce variation across locations, we create an index
based on the number and type of mines in a region. This index is then multiplied by the
minimum wage. To create the index, we use gold and coal as the base minerals. These
earn the largest returns and are set in the index as equal to one. Then, we assume that
miners in other settings earn some smaller fraction, based on the respective market prices,
during our period of interest. These mine types include tin, copper, iron, and lithium. By
generating this index for each community, we are able to create an off-farm wage unique
to each of our areas of interest. Then, as before, we employ the same method as used
for the migration shadow wage, in order to calculate the off-farm shadow wage based on
the indexed national wage. We estimate the equation using factors which may affect these
earnings, including the age and education of off-farm workers, number of total mines, other
household members involved in off-farm labor, and the community participation in off-farm
labor markets, following: ˆW off-farm

it = β̂it · Ŷit

Loff-farm
it

.
Additionally, in estimating our shadow wage equations, we employ a specification using
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a Mundlak-Chamberlain device in order to address potential household heterogeneity. We
use this method to control for household heterogeneity which may arise because households
are more likely to participate in particular activities and earn different wages than others,
for reasons not observed. This heterogeneity may create biased coefficient estimates if not
properly controlled (Mundlak, 1978; Chamberlain, 1984).

3.2 Labor Shares and Allocation

We employ a systems approach to empirically estimate the labor share equations. This
provides an efficiency gain over using OLS or GLS, as equations are non-parallel and as we
assume that errors are correlated across equations. However, as shocks create conditions
where those who experienced the shocks and those that did not experience the shocks are
likely to respond differently, we must also use an estimation which addresses these differences.
We employ a double difference method to account for differential time-trend effects. In this
specification, we include data on households that experienced the shocks, as well as those
that did not, the shock itself, and a time interval. Expressed in reduced form:

Y = α + βS + γt+ δSt+ ωZ + ε, (2)

where Y represents the labor share of interest, S represents a shock, t is the year, Z represents
household traits, and ε is an error term. We are interested in the interaction term St and its
coefficient δ because we want to understand the effect of shocks, differentiating across those
who experienced a shock and those who did not.

As the labor shares of interest are related, we employ a seemingly unrelated regression.
Defining the estimated shadow wage, including their squares, we can specify the final labor
share equations as:

L∗
i = αi +

∑
j

βijW
∗
j +

∑
k

γikXk +
∑
c

δicZc +
∑
e

χieεe + νikce, (3)

where i and j represents labor activities, including on-farm labor, off-farm labor, migration,
and unemployment (non-labor participation). k is given household, in community c. e

represents the various shocks. L∗
i again represents labor shares.11 αi is a constant. Xk is a

vector of time-varying household specific characteristics, with corresponding parameter γik.
Zc is a vector of time-varying community characteristics, with corresponding parameter δic.

11As we are estimating labor shares, a Tobit specification also may be appropriate. We present results for
that specification in the Appendix Section 5, in Tables A3, A4, and A5.
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εe represents the vector of exogenous shocks, with corresponding parameter χie. νikce is an
error term which summarizes the effects of unobserved household variation and household-
specific shocks to labor. Finally, W ∗

j is the estimated shadow wages and their squares,
with corresponding coefficient βij. We include shadow wages and their squares, in line with
literature on reference dependence labor supply decision making (Andersen et al., 2014;
MacDonald and Mellizo, 2017). This allows us to explore whether the allocation of labor
depends on achieving a particular level of wages or share of labor, rather than being simply
a binary participation or non-participation choice.

Following Shively and Fisher (2004) and Fisher et al. (2005), our labor share model
is similar to typical models of commodity or factor demand. Using this structure, it is
necessary to impose constraints across equations. In order to ensure that predicted la-
bor shares sum to one, we impose three constraints, requiring homogeneity (

∑
j βij = 0);

requiring that individual effects on labor allocation changes in the given explanatory vari-
able will be such that the net effect resulting from a given change will be equal to zero
(
∑

i βij = 0,
∑

k γik = 0,
∑

c δic and
∑

e χie = 0); and an intercept equal to one (
∑

i αi = 1).
Together the constraints imply that the labor allocation decisions are related across labor
activities.

4 Results and Discussion

In this section we present results of three specifications. First, we consider the results when
we include our measured rainfall shock, we then consider the results when we include our
perception rainfall shock. We finally consider the results of a specification in which we
include the measured rainfall shock, the perception rainfall shock, and an interaction of the
two.

4.1 Measured Rainfall Shock

Table 3 presents our results in which rainfall is measured as a Z-score. Coefficients on the
shadow wages are generally quite small in magnitude, not necessarily significant, and their
signs do not always follow the predictions of theory (House and Rempel, 1978). However,
when we consider their squares, and the related explanation of reference dependent labor
supply several patterns emerge. Consider migration: for the share of migration labor the
square of on-farm wages is significant. This suggests that as wages on-farm increase beyond
some threshold, more labor is allocated to migration. This makes sense as there is a cost
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to migration, and so if on-farm labor becomes more lucrative, households may be able to
support sending more individuals to work elsewhere as migrants, which may not be possible
at lower levels of on-farm earnings. Consider next on-farm labor: for the share of labor on-
farm both the squares of on-farm and off-farm wages are significant. This suggests first, as
wages on-farm decline beyond a particular threshold, households allocate more labor to on-
farm labor. Although contrary to theory, it may suggest that when returns to on-farm labor
are low, it is necessary to increase labor allocated to that activity, to meet some minimal
level of subsistence production on-farm. Then, also when wages decrease in off-farm labor,
more labor is allocated to on-farm labor. This generally follows predictions of theory, as
households will allocate more time to a different activity when wages are lower in another
activity. These findings further provide some evidence of a reference dependent labor supply
response for households participating in these activities. For all labor shares, however, it
is important to note that the coefficients are very small in magnitude and therefore only
substantial changes in wages will result in meaningful shifts in labor allocation.

We observe the importance of household traits on labor allocation, finding that household
size and female household headship significantly influence labor allocations. Community
and household networks also play a significant role. We find households with fewer adult
equivalents allocate a lower share of household members to migration and off-farm labor.
Although they may have more people to potentially send to various labor activities, it may
be that households which are relatively larger may have a greater number of children, who
increase the household size, though they are not necessarily laborers. As such, workers from
these households tend to stay closer to home and may be unable to work in the off-farm labor
force. Next, female household headship is also significant: households headed by women have
a greater share of workers in migration and on-farm labor, but a lower share in off-farm labor.
Female-headed households may be headed by women as they have a male partner engaged
in migration labor, whose labor they count as a participant in overall household metrics,
though that person is no longer considered the head of the household. Further, female-
headed households may have fewer opportunities to engage with off-farm labor, resulting in
lower allocation to that activity and higher on-farm labor. Gender dynamics may also play
a role: according to the World Bank, more women are employed in agriculture in Zimbabwe,
relative to non-farm employments WB (nd). In this case, these households may be effectively
obligated to participate in on-farm labor and subsistence production, as they are unable to
secure work outside of home production. Finally, existing network connections are influential
in driving allocation of labor to migration and off-farm labor, indicating that having a family
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member already in one of these activities significantly influences another member to move
to them. This result makes sense, as much research finds that existing networks are essential
and correspond with selection into various labor activities (McKenzie and Rapoport, 2010).

Last, considering the shocks of interest, we find that coefficient sizes are relatively small
across all types of shocks. Further, only the measured Z-score rainfall shock has significant
effects. We observe that households which experience a rainfall shock have a lower share of
unemployment; all other effects are not statistically significant. This suggests that, after a
rainfall shock, households are actually moving out of non-labor is experienced though the
magnitude of the effect is quite small. In such a situation, labor is necessary after the shock
outside of unemployment or non-labor and so, although small, households increase their
allocation of labor out of non-labor activities.

These results suggest two conclusions: (1) households respond to some reference depen-
dent labor supply allocation and (2) experience of a rainfall shock in the household affects
labor allocation, though the magnitude of the effects are small. Existing evidence suggests
that non-farm labor participation may be a distress response (Babatunde and Qaim, 2010)
made in the context of coping with the ongoing macroeconomic crisis, or a more conscious di-
versification choice, made in order optimize labor allocation as part of an optimal household
strategy (Reardon, 1997; Bryceson, 1999; Barrett et al., 2001; Reardon et al., 2001; Wouterse
and Taylor, 2008). But, considering the impact of shocks, we find little evidence of large
changes to labor allocations. Although previous literature has observed that in some cases,
shocks force households to return to on-farm labor (Yang, 2006), focusing household labor
on household food security though own production, in other cases households are pulled into
off-farm labor (Yang and Choi, 2007; Yang, 2008), diversifying income sources in order to
cope with the realization of shocks. We do not find consistent evidence to support either
body of literature exclusively.

4.2 Shock Perceptions

We next consider the rainfall shock, as determined by farmer perceptions. With this variable,
we find that farmers sometimes perceive themselves to have experienced a rainfall shock,
although, in fact, they have not. In fact, 55 percent of farmers in our sample perceive that
they experienced a rainfall shock in the previous year. These farmers are not necessarily the
same farmers who actually experienced a rainfall shock as measured by Z-score (for more,
see Figure 1).

To investigate this in more detail, we use our system of equations, this time including
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the measurement of perceived rainfall shock, instead of measured Z-score. These results
are presented in Table 4. By and large, the findings are similar to the Z-score measured
rainfall specification: there is evidence for reference dependent labor allocation considering
wages and their squares, some household characteristics are significant, and shock effects are
small and often insignificant. Examining these results further: households with fewer adult
equivalents allocate a lower share of household members to migration and off-farm labor.
We also find that if the head of household is a woman, households then have a larger share
of workers allocated to migration activities, but a lower share allocated to off-farm labor.
We again see that there is evidence that labor allocation responds to rainfall shocks, though
not the other shocks.

Focusing the discussion in this subsection on the results related to the shocks, we observe
that the allocation of labor to different activities has changed from the specification which
used the measured shock. In this case, as before, we see no significant allocation of labor
shares to on-farm or off-farm labor. Instead, we see that households which perceive them-
selves to have experienced a shock allocate more labor to migration labor and less labor is
unemployed. As such, households allocate labor to migration and out of non-labor activities,
responding to a perceived shock. This is a logical allocation, as it suggests that unused labor
is being allocated to productive, income earning activities perhaps in order to cope with the
shocks experienced. This could be a distress response or a more conscious and deliberate
labor diversification strategy, as discussed for the shock response in section 4.1. It is im-
perative to note again, however, that these effects are extremely small. This suggests that
whether or not a household perceives themselves to have experienced a shock is important
in determining their reaction, with respect to labor allocation – and, importantly, that their
allocation of labor may depend upon how they perceive what occurred.

4.3 Interaction of Measured Shock and Shock Perceptions

Finally, we consider the interaction of both of our rainfall shocks. We again use our system
of equations, this time including the measured rainfall Z-score and the rainfall shock, as
well as an interaction of the two shocks. These results are presented in Table 5. By and
large, the findings are similar to both of the previous specifications: there is evidence for
reference dependent labor allocation considering wages and their squares, some household
characteristics are significant and we again see that there is evidence that labor allocation
responds to rainfall shocks.

We focus the discussion in this subsection on the results related to the shocks. We see
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that the allocation of labor to different activities has changed somewhat from the specifica-
tion which used either shock individually. We now observe that households which actually
experienced a rainfall shock allocate less labor to off-farm work. As such, households allo-
cate labor to migration and out of off-farm labor activities, with the experience of an actual
rainfall rainfall shock. This is only the case for the measured rainfall shock: the perceived
rainfall shock has no significant effects and the interaction of the two shocks has no significant
effects. There is also a single significant relationship between non-labor participation and
the death of a household member, suggesting that less labor is unemployed, if such a death
is experienced. As this is only significant in this specification, we caution drawing strong
conclusions from this finding, as the weight of evidence suggests that it is not significant.

Regardless of how we construct the variable of a rainfall shock, we conclude that not
all shocks have a uniform impact. This is an important finding, suggesting that different
types of shocks can have disparate impacts on household behavior and different effects over
time. Further, we find that perceptions of a shock may result in different outcomes than an
actual experienced shock. Importantly, we find that households allocate labor in order to
cope with some types of experienced shocks, specifically rainfall shocks. But, it is crucial
to note that (as is common to much of the literature which examines any type of shock)
it is not possible to evaluate a counter-factual for the situations examined. It is an unmet
challenge, at this juncture, to appropriately measure what would have happened, were the
shocks not experienced by these households.

5 Conclusion

This paper extends our understanding of the factors influencing labor dynamics, exploring the
impact of shocks in the context of an already stressed environment. We find that different
types of shocks have disparate influences on household behavior and that different ways
of measuring the same shock may have different measured effects on labor allocation. Our
findings are relevant to public policy related to economic and environmental migration. These
phenomena are a widespread feature of our twenty-first century world and serve to undermine
rural livelihoods and drive rural households from their communities, changing population
dynamics and labor markets throughout the developing world. Understanding the forces that
lead to labor allocation in rural settings, as well as how specific shocks additionally drive labor
allocation will become increasingly important, especially in the context of environmentally-
and COVID-19-induced migration. Further, given the current macroeconomic instability
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and persistent and challenging economic conditions in Zimbabwe, this research is a timely
exploration of a re-emergent problem in the region.

In this paper, we focused on the years between 2000 and 2015, a time which includes
the period of hyperinflation in Zimbabwe and the ultimate collapse of the Zimbabwean
dollar. Consideration of this time allowed us to evaluate the outer extreme of household
reactions: because households are already stressed by these severe macroeconomic circum-
stances, further changes to labor allocation delineate the bounds of a household’s possible
labor responses. In this context, shocks compound existing stresses, resulting in allocation of
labor to different activities. We find that perceived rainfall shocks positively affect the share
of labor allocated to migration activities and negatively affect the share of labor allocated
to non-labor participation. This suggests our most important finding: not all shocks have a
uniform effect. As different types of shocks have different effects on household behavior and
different effects over time, it is necessary to consider timing and context of a particular event,
rather than the expected labor effects alone. Overall, we find that households allocate labor
in order to cope with experienced shocks, although quantifying the overall impact remains
an unmet challenge.

Throughout Sub-Saharan Africa and across developing world, environmental change and
political instability generate risks that undermine livelihoods and drive rural households
from their home communities. These movements have broad implications for population
dynamics, labor markets, and the spatial distribution of economic activity. These elements
must be thoughtfully considered when policies to assist households in dealing with shocks
are evaluated and implemented. Thus, understanding the way in which various forces and
constraints shape labor reallocation after the realization of shocks will be important in the
future for households and countries seeking to avoid disruptions in labor markets in times of
household stresses and local crisis.
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Figure 1: Perceived Rainfall Shock versus Actual Rainfall Shock
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Table 1: Summary Statistics: Shadow Wage Equations

2005 2013 Total

Mean St. Dev Mean St. Dev Mean St. Dev
PANEL A: On-Farm Labor
Wages 86.929 208.937 126.011 292.955 91.683 220.744
Female-headed Household∗ 0.279 0.449 0.386 0.487 0.322 0.468
Plough 0.635 0.482 0.781 0.414 0.706 0.456
Own Cattle 0.595 0.491 0.648 0.478 0.621 0.485
Receive Free Seed 0.741 0.439 0.441 0.497 0.588 0.492
Intercrop Fields 0.232 0.423 0.243 0.429 0.238 0.426
Quantity of Fertilizer (kgs) 12.046 31.290 10.533 30.381 11.276 30.820
Area Cultivated (hectares) 2.004 1.727 1.583 1.475 1.790 1.616
Number of Full Time Farm Laborers 2.662 1.607 2.645 1.570 2.653 1.587
Number of Part Time Farm Laborers 1.673 1.497 1.483 1.505 1.576 1.503

PANEL B: Migrant Labor
Wages 45.281 39.788 43.435 29.740 44.346 34.993
Average Migrant Gender 1.575 0.394 1.472 0.417 1.489 0.408
Average Migrant Age 25.937 14.289 25.102 13.523 24.418 13.778
Average Migrant Education (years) 7.906 2.848 8.016 3.243 7.974 3.088
Multiple Migrants∗ 0.042 0.200 0.118 0.323 0.073 0.260
International Migrants 0.181 0.386 0.172 0.378 0.177 0.382
Domestic Migrants 0.159 0.367 0.201 0.401 0.181 0.385
Migrants in the Community∗ 0.009 0.017 0.009 0.021 0.009 0.019
Number of Household Migrants 1.141 0.456 1.155 0.661 1.148 0.569
Distance to Victoria Falls (km) 561.739 186.576 576.467 184.023 567.754 185.585
Distance to Beitbridge (km) 380.788 146.059 368.093 143.452 375.603 145.061
Distance to Mutare (km) 520.452 172.398 512.576 179.792 517.236 175.407
Distance to Plumtree (km) 313.319 144.429 307.931 158.665 311.119 150.349

PANEL C: Off-Farm Labor
Wages 141.674 47.917 157.885 53.281 149.913 51.328
Average Off-Farm Laborer Gender 1.457 0.424 1.538 0.213 1.510 0.306
Average Off-Farm Laborer Age 42.156 13.856 27.145 12.282 32.330 14.689
Average Off-Farm Laborer Education (years) 6.624 3.564 5.170 1.935 5.675 2.706
Multiple Off-Farm Laborers∗ 0.221 0.416 0.283 0.451 0.247 0.431
Number of Off-Farm Laborers 0.697 0.729 0.744 0.848 0.721 0.792
Participants in Informal Labor 0.454 0.489 0.413 0.493 0.433 0.496
Participants in Formal Labor 0.138 0.345 0.081 0.273 0.109 0.312
Community Off-Farm Participation∗ 0.003 0.003 0.006 0.012 0.005 0.009

Note: ∗ indicates use also in the labor share equations, which would otherwise also be included in Panel B
of Table 2.
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Table 2: Summary Statistics: Labor Share Equations

2005 2013 Total

Mean St. Dev Mean St. Dev Mean St. Dev
PANEL A: Share of Labor
Share: On-Farm Labor 0.772 0.204 0.670 0.191 0.730 0.205
Share: Migrant Labor 0.055 0.110 0.111 0.154 0.078 0.132
Share: Off-Farm Labor 0.150 0.162 0.200 0.159 0.171 0.163
Share: Non-Participation in Labor 0.020 0.064 0.016 0.061 0.018 0.063

PANEL B: Household Characteristics
Adult Equivalents 5.444 2.685 4.791 1.973 5.178 2.440
Average Age 25.869 11.702 27.174 12.096 26.402 11.975
Average Education (years) 5.083 1.905 5.165 1.931 5.117 1.915
Female-headed Household 0.279 0.449 0.386 0.487 0.322 0.468

PANEL C: Shocks
Death of a Working Family Member 0.102 0.303 0.065 0.247 0.087 0.282
Community Death Ratio 0.996 0.024 0.995 0.021 0.995 0.023
Rainfall Shock 1.162 0.698 0.980 0.496 1.088 0.629
Perceived Rainfall Shock 0.358 0.480 0.556 0.497 0.439 0.497
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Table 3: Allocation of Labor, Z-Score Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.001 0.005 −0.006 0.002
(0.003) (0.003) (0.006) (0.003)

Off-farm wages −0.137 −1.760∗∗ 1.702∗ 0.001
(0.607) (0.683) (1.159) (0.002)

On-farm wages 0.007∗∗ 0.016∗∗∗ −0.025∗∗∗ 0.244
(0.003) (0.005) (0.007) (0.591)

Migration wages2 −0.001 −0.0002 0.001 0.006∗∗∗

(0.001) (0.001) (0.001) (0.001)
Off-farm wages2 0.010 0.130∗∗∗ −0.128∗ 0.0004∗

(0.040) (0.044) (0.075) (0.0003)
On-farm wages 2 0.009∗∗∗ 0.001 −0.009∗∗∗ 0.001

(0.002) (0.002) (0.004) (0.002)
Number of adult equivalents −0.007∗∗∗ −0.004∗ 0.005 0.0001

(0.002) (0.002) (0.003) (0.018)
Age of household head −0.001 0.0001 −0.00004 −0.006

(0.0004) (0.001) (0.001) (0.272)
Education of houeshold head 0.003 −0.002 −0.002 0.004

(0.002) (0.003) (0.004) (0.006)
Female-headed household 0.024∗∗ −0.033∗∗∗ 0.026∗ 2.531e− 06

(0.009) (0.010) (0.015) (0.00004)
Household has more than one migrant 0.113∗∗∗

(0.015)
Household has more than one off-farm laborer 0.098∗∗∗

(0.013)

Shock: Death in household −0.025 0.005 −0.005 0.638
(0.078) (0.055) (0.108) (0.573)

Shock: Deaths in community −0.319 −0.103 −0.059 −0.248
(1.129) (0.831) (1.471) (0.591)

Shock: Rainfall −0.022 −0.017 0.005 −0.015∗∗∗

(0.018) (0.019) (0.028) (0.007)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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Table 4: Allocation of Labor, Perceived Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.001 0.006 −0.007 0.002
(0.003) (0.004) (0.006) (0.003)

Off-farm wages 0.146 −1.956∗∗ 1.532 0.001
(0.658) (0.760) (1.128) (0.002)

On-farm wages 0.008∗ 0.015∗∗∗ −0.025∗∗∗ 0.194
(0.004) (0.005) (0.007) (0.614)

Migration wages2 −0.0003 −0.0003 0.0004 0.006∗∗∗

(0.001) (0.001) (0.001) (0.001)
Off-farm wages2 −0.008 0.142∗ −0.010 0.0004∗∗

(0.043) (0.049) (0.073) (0.0003)
On-farm wages 2 0.009∗∗∗ 0.001 −0.010∗∗∗ 0.001

(0.002) (0.002) (0.003) (0.002)
Number of adult equivalents −0.007∗∗∗ −0.004∗ 0.005∗ 0.0003

(0.002) (0.002) (0.003) (0.018)
Average age of household members −0.001 −0.0002 0.0002 −0.011

(0.0003) (0.0004) (0.001) (0.272)
Average education of household members 0.003 −0.001 −0.003 −0.006

(0.002) (0.003) (0.004) (0.020)
Female-headed household 0.026∗∗∗ −0.033∗∗ 0.022 −9.088e− 06

(0.009) (0.010) (0.015) (3.97e− 05)
Household has more than one migrant 0.115∗∗∗

(0.008)
Household has more than one off-farm laborer 0.101∗∗∗

(0.005)

Shock: Death in household −0.003 0.007 −0.033 0.129
(0.046) (0.053) (0.078) (0.606)

Shock: Deaths in community −0.207 −0.229 −0.071 −0.197
(0.573) (0.662) (0.982) (0.614)

Shock: Rainfall 0.029∗∗ −0.012 −0.011 −0.017∗∗

(0.011) (0.013) (0.019) (0.007)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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Table 5: Allocation of Labor, Z-Score and Perceived Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.001 0.004 −0.006 0.001
(0.003) (0.003) (0.006) (0.003)

Off-farm wages −0.048 −1.972∗∗ 1.937∗ 0.0003
(0.603) (0.691) (1.125) (0.003)

On-farm wages 0.007∗ 0.016∗∗∗ −0.024∗∗∗ 0.083
(0.003) (0.004) (0.007) (0.583)

Migration wages2 −0.001 −0.0002 0.001 0.006∗∗∗

(0.001) (0.001) (0.001) (0.001)
Off-farm wages2 −0.004 0.145∗ −0.144∗∗ 0.0004∗∗

(0.040) (0.045) (0.073) (0.0003)
On-farm wages 2 0.009∗∗∗ 0.002 −0.010∗∗∗ 0.001

(0.002) (0.002) (0.004) (0.002)
Number of adult equivalents −0.007∗∗∗ −0.004∗ 0.005 0.0001

(0.002) (0.002) (0.003) (0.019)
Average age of household members −0.001 0.0002 0.0001 0.006

(0.0004) (0.001) (0.001) (0.299)
Average education of household members 0.002 −0.002 −0.002 0.067

(0.002) (0.003) (0.004) (0.046)
Female-headed household 0.026∗∗∗ −0.033∗∗ 0.023 −3.00e− 06

(0.010) (0.010) (0.015) (4.338e− 05)
Household has more than one migrant 0.115∗∗∗

(0.015)
Household has more than one off-farm laborer 0.098∗∗∗

(0.012)

Shock: Death in household −0.025 0.005 −0.003 −0.016∗∗

(0.075) (0.057) (0.107) (0.006)
Shock: Deaths in community −0.286 −0.157 0.012 −1.909∗∗

(1.105) (0.891) (1.483) (1.123)
Shock: Rainfall 0.014 −0.076∗ 0.083 0.0001

(0.037) (0.045) (0.053) (0.001)
Perceived Shock: Rainfall 0.086∗ −0.090 0.055 −0.001

(0.048) (0.059) (0.076) (0.002)
Rainfall Shock Interaction −0.062 0.053 −0.043 −0.005

(0.048) (0.053) (0.067) (0.037)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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Appendix

Shadow Wages

Table A1: Shadow Wage Estimation

Log of Wages for Farm Labor Log of Wages for Migrant Labor Log of Wages for Off-Farm Labor

Plough ownership 0.682
(0.703)

Female-headed household −0.397
(0.579)

Own cattle −0.522
(0.539)

Receive free seed −0.450
(0.398)

Intercrop fields −1.127∗∗

(0.342)
Fertilizer quantity used −0.002

(0.006)
Total landholding 0.240

(0.125)
Average Participant Gender −1.517 0.038

(1.111) (0.085)
Average Participant Age −0.022 −0.004∗∗

(0.128) (0.002)
Age Participant Education −0.124 −0.008

(0.141) (0.011)
Multiple Participants −0.752∗∗ −0.010

(0.289) (0.035)
Number of Participants 0.141 −0.012

(0.105) (0.032)
Community Participation Ratio 136.392∗∗ −0.721

(61.873) (3.941)
International Migrants −0.404

(0.246)
Domestic Migrants 0.163

(0.288)
Formal Labor Market Participation 0.040

(0.075)
Informal Labor Market Participation −0.008

(0.048)
Distance to Victoria Falls 0.001

(0.001)
Distance to Beitbridge 0.002

(0.002)
Distance to Mutare −0.0003

(0.002)
Distance to Plumtree −0.001

(0.001)

Note: Standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). M-C devise averages not reported for parsimony.
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Shock Exogeneity

Table A2: Exogeneity of Shocks

Death of Household Member Ratio of Deaths in Community Rainfall Shock Perceived Rainfall Shock

Number of adult equivalents 0.022 −0.001 0.030∗ 0.002
(0.022) (0.001) (0.014) (0.005)

Average age of household head −0.002 4.71e− 05 −0.004 0.002
(0.002) (0.0002) (0.006) (0.001)

Average education of household head 0.001 0.001 0.030 0.003
(0.005) (0.00001) (0.020) (0.003)

Female headed household 0.077 −0.006∗ −0.075 −0.024
(0.044) (0.003) (0.140) (0.139)

Own plough 0.123 −0.008 −0.133 −0.006
(0.076) (0.007) (0.212) (0.009)

Own cattle −0.012 −0.002 0.177 0.008
(0.027) (0.003) (0.094) (0.023)

Note: Standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Standard errors are clustered at the district-level.
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Tobit

Table A3: Tobit - Allocation of Labor, Z-Score Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.001 0.004 −0.006 0.001
(0.001) (0.003) (0.006) (0.002)

Off-farm wages −0.459 −2.161∗ 1.702∗ −0.131
(0.524) (0.529) (1.085) (0.465)

On-farm wages 0.007∗∗ 0.009∗∗∗ −0.023∗∗∗ −0.0003
(0.003) (0.003) (0.006) (0.002)

Migration wages2 −0.0002 −0.0003 0.001 −0.0001
(0.001) (0.001) (0.001) (0.0004)

Off-farm wages2 0.031 0.157∗∗∗ −0.143∗∗ 0.009
(0.034) (0.034) (0.070) (0.030)

On-farm wages 2 0.006∗∗∗ 0.004∗∗ −0.010∗∗∗ −0.001
(0.002) (0.002) (0.003) (0.001)

Number of adult equivalents −0.008∗∗∗ −0.010∗∗∗ 0.005 0.001
(0.002) (0.002) (0.003) (0.001)

Age of household head −0.001∗ −0.0001 −0.0001 0.0002
(0.0003) (0.001) (0.0001) (0.0002)

Education of household head 0.002 −0.005∗∗ −0.002 −0.002
(0.002) (0.002) (0.004) (0.001)

Female-headed household 0.015∗ −0.012 0.025∗ −0.005
(0.008) (0.008) (0.014) (0.005)

Household has more than one migrant 0.296∗∗∗

(0.013)
Household has more than one off-farm laborer 0.267∗∗∗

(0.009)

Shock: Death in household −0.021 0.049 −0.004 0.002
(0.057) (0.057) (0.106) (0.024)

Shock: Deaths in community −0.175 −0.956 −0.051 0.118
(0.786) (0.937) (1.469) (0.334)

Shock: Rainfall −0.044∗∗ −0.029∗ 0.064∗∗ 0.011
(0.017) (0.017) (0.029) (0.015)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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Table A4: Tobit - Allocation of Labor, Perceived Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.001 0.004 −0.006 0.001
(0.002) (0.003) (0.006) (0.002)

Off-farm wages −0.057 −2.302∗∗∗ 1.702 −0.190
(0.555) (0.570) (1.119) (0.528)

On-farm wages 0.006∗ 0.010∗∗∗ −0.025∗∗∗ −0.001
(0.003) (0.003) (0.006) (0.003)

Migration wages2 −0.0002 −0.0002 0.001 0.00002
(0.001) (0.001) (0.001) (0.0004)

Off-farm wages2 0.005 0.167∗ −0.128∗ 0.013
(0.036) (0.037) (0.072) (0.034)

On-farm wages 2 0.007∗∗∗ 0.003 −0.009∗∗∗ −0.001
(0.002) (0.002) (0.003) (0.001)

Number of adult equivalents −0.008∗∗∗ −0.010∗∗∗ 0.005 0.001
(0.002) (0.002) (0.003) (0.001)

Average age of household members −0.001∗∗ −0.0002 −0.00004 0.0002
(0.0003) (0.001) (0.001) (0.0002)

Average education of household members 0.003 −0.005 −0.002 −0.002
(0.002) (0.002) (0.004) (0.001)

Female-headed household 0.017∗∗∗ −0.014∗ 0.026∗ −0.006
(0.008) (0.008) (0.015) (0.005)

Household has more than one migrant 0.295∗∗∗

(0.013)
Household has more than one off-farm laborer 0.268∗∗∗

(0.009)

Shock: Death in household −0.025 −0.047 −0.005 −0.001
(0.055) (0.057) (0.105) (0.024)

Shock: Deaths in community −0.259 −0.919 −0.059 0.093
(0.754) (0.932) (1.433) (0.312)

Shock: Rainfall 0.032∗∗ −0.010 −0.005 0.011
(0.016) (0.017) (0.029) (0.010)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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Table A5: Tobit - Allocation of Labor, Z-Score and Perceived Rainfall Shock

Share of Workers in Migration Labor Share of Workers in Off-Farm Labor Share of Workers in On-Farm Labor Share of Workers in No Labor

Migration wages 0.002 0.002 −0.005 0.001
(0.002) (0.003) (0.006) (0.002)

Off-farm wages 0.033 −2.513∗∗∗ 1.937∗ −0.269
(0.523) (0.579) (1.151) (0.501)

On-farm wages 0.006∗∗ 0.009∗∗ −0.024∗∗∗ −0.001
(0.003) (0.004) (0.007) (0.003)

Migration wages2 −0.001 −0.0002 0.001 0.00001
(0.002) (0.001) (0.001) (0.0004)

Off-farm wages2 −0.002 0.181∗ −0.144∗ 0.018
(0.034) (0.038) (0.074) (0.032)

On-farm wages 2 0.007∗∗∗ 0.003 −0.010 −0.001
(0.002) (0.002) (0.003) (0.001)

Number of adult equivalents −0.008∗∗∗ −0.010∗∗∗ 0.005 0.001
(0.002) (0.002) (0.003) (0.001)

Average age of household members −0.001∗ −0.0001 −0.0001 0.0002
(0.003) (0.0004) (0.001) (0.0002)

Average education of household members 0.002 −0.005∗∗ −0.002 −0.001
(0.002) (0.002) (0.004) (0.001)

Female-headed household 0.018∗∗ −0.013 0.023 −0.006
(0.008) (0.008) (0.015) (0.0001)

Household has more than one migrant 0.296∗∗∗

(0.013)
Household has more than one off-farm laborer 0.267∗∗∗

(0.008)

Shock: Death in household −0.025 −0.048 −0.003 −0.002
(0.054) (0.057) (0.108) (0.025)

Shock: Deaths in community −0.219 −0.982 0.012 0.055
(0.766) (0.945) (1.537) (0.323)

Shock: Rainfall 0.013 −0.061∗ 0.083 −0.008
(0.030) (0.032) (0.053) (0.015)

Perceived Shock: Rainfall 0.106∗∗∗ −0.081 0.055 −0.026
(0.040) (0.059046) (0.074) (0.025)

Rainfall Shock Interaction −0.077 0.054 −0.043 0.037
(0.037) (0.041) (0.067) (0.027)

Note: n = 872. Bootstrapped standard errors clustered at the household are in parentheses (∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01). Location indicators (measured by distance to major cities Plumtree, Beitbridge, Mutare, and Victoria
Falls) are included, though omitted from the table for parsimony.
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