rate to capture the fact that failure may happen regardless of treatment, i.e., everyone dies eventually. The
hazard function for event 7 occurring in the interval [¢, t+/), given survival up until time ¢, is defined as

Pt el 1t g
!

AR = %

Assuming that the probability density function and conditional density function are differentiable,
the probability of the event occurring in any interval can be computed using the hazard function.

Following Wooldridge (2010), for points ¢, < ¢,, I can write

t

Pt v gt t!)=1—exp[—f A(s)ds]

ty
where A(s) is the hazard function. Some survival analysis models rely on assumptions about the
distribution of 7, imposing assumptions on the shape of the baseline hazard function. The simplest
example is specifying that 7" is not duration-dependent, so that the probability of failure does not change
over time. Then the hazard rate is constant and the cdf of 7 is exponential. Common specifications for
the hazard function are log-logistic and exponential.

Here, there is no theoretical reason to impose a functional form on the hazard function®. To avoid
force-fitting the data, I use a proportional hazards model to estimate the relative impact of an independent
variable on exit from the initial state. The baseline hazards cancel out so that they never need to be
specified, although there are post-estimation techniques for calculating the baseline hazard (see Figure 4).
Accordingly, I examine the factors that affect the timing of entry into sex work given that every subject
eventually “fails,” or enters sex work.

I use a grouped duration approach to examine remaining in the initial state (not entering sex
work) or exiting the initial state (entering sex work) as a binary outcome in each one-year interval. The
binary dependent variable is equal to 1 in the year of entry. Again, because the Cox hazards model is
proportional, no functional form is imposed on the underlying hazard model. However, because different
age groups and origin districts are likely to have different baseline hazards, I use age group and origin
district strata (see Figure 4). I set the time a woman becomes “at risk™ at age 9 instead of at birth, since
children younger than that are unlikely to enter sex work. Using this specification, the minimum
“survival time” or “duration” is zero years and the maximum is 32 years, meaning that age of entry ranges
from 9 years to 41 years old.

I estimate the following Cox proportional hazards model:

A, X'() = klexp(BX'(D))] Ao ()

where the hazard 4 of entry into sex work is a function of time ¢, time invariant individual characteristics,

* A Poisson regression could also be appropriate here, but its assumptions about distribution make it less accurate. Tests on
Poisson results reveal over-dispersion even when using robust standard errors to correct for heteroskedasticity.
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and exogenous time-varying covariates. This specification allows exogenous time-varying covariates to
have a multiplicative impact on the baseline hazard in each time interval, meaning that climate variables
multiply the baseline hazard rate to either increase or decrease the probability of entry in a given year.
Past values of the covariates, including lagged climate variables, are included as covariates at time .

In this paper, regression results are reported as relative hazard ratios. Hazard ratios should be
interpreted as multiplying the baseline hazard, so that a hazard ratio less than one decreases the
probability of entry in a given year and a hazard ratio greater than one increases the probability of entry.
For an additional unit of the explanatory variable X;, the hazard of entry this year changes by ePi —

1 percent. See Figure 4 for plots of baseline hazards by age group, origin district, caste, and religion.

5. Results
5.1 Crop Yields and Climate Variables

I regress crop yields on climate variables and fixed effects to verify the channel between climate variables
and agricultural income. These results are in line with a large and well-identified agriculture and
economics literature.

Indian agriculture spans two growing seasons, the main kharif growing season from June to
November and the minor rabi growing season from November to February. Kharif yields are largely
determined by monsoon precipitation in June to August. I test the correlation between kharif and annual
climate variables on kharif and annual yields for three major crop types: a strictly defined set of
subsistence crops, a wider set of “major” subsistence crops, and cash crops. These results are robust to
using kharif, monsoon, or annual precipitation and to including an interaction between Degree Days and
precipitation to capture the fact that precipitation diminishes the harmfulness of Killing Degree Days
(KDD) and augments the benefit of Growing Degree Days (GDD).

I find that precipitation, KDD, and GDD predict more than 65 percent of the variation in crop
yields, in line with other estimates that do not include soil quality or inputs like fertilizer, cultivation
techniques, and labor. KDD are strongly negatively correlated with crop yields: another 100 kharif KDD
is associated with a 14.9 percent decrease in kharif yields for every crop type, significant at the 1 percent
level. GDD and precipitation are positively correlated with yields in every specification, though their

impact is smaller and not significant in every specification. See Table 4 for results.

5.2 Crop Yields and Entry into Sex Work

I use district-level data on crop yields for the states of Andhra Pradesh, Karnataka, Maharashtra, and

Tamil Nadu to explore the correlation between crop yields and year of entry into sex work. The crop yield
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data spans 1998-2013, so the sample shrinks to the 1,433 women whose home districts lie in these states
and who entered sex work during these years.
I estimate the following model:
AL, Y;(8)) = k[exp(BY;(£))]4o ()
where Y;(t) represents district-level yields, and k represents controls including time-invariant individual
controls (marital status, religion, and caste), year fixed effects, and state-time fixed effects. As discussed
above, | use origin district and age group strata and cluster errors at the district level because error is

likely to be highly correlated across areas with shared soil types, climate outcomes, and other agricultural

characteristics.
Table 5. Correlation between Crop Yields and Year of Entry+
(1) @) (1) @) (1) @
Subsistence Crops Major 10 Crops Cash Crops

VARIABLES Kharif Annual Kharif Annual Kharif Annual
Yield 0.942 1.034 0.899 1.018 1.062 0.894

(0.0945) (0.0738) (0.116) (0.0741) (0.0410) (0.187)
Lag yield 0.837 0.815 0.804 0.809 0.858%* 0.646**

(0.113) (0.112) (0.166) (0.127) (0.0719) (0.137)
Lag 2 yield 0.781%** 0.923 0.780** 0918 1.014 0.837

(0.0658) (0.107) (0.0954) (0.113) (0.0236) (0.131)
N 1,249 1,247 1,237 1,247 1,244 1,144
Observations 4,693 4,632 4,695 4,632 4,673 4,321
Pseudo R-squared 0.0849 0.0828 0.0848 0.0827 0.0854 0.0883

Includes precipitation squared (to capture diminishing effects), state fixed effects, crop fixed effects, state-time linear and quadratic trends, and
year fixed effects. Errors are clustered at the district level and presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

T Includes districts in Andhra Pradesh, Karnataka, Maharashtra, and Tamil Nadu only.

The hazard ratio for contemporaneous yield is not significant, nor is the effect consistent, across
crop types and kharif versus annual specifications. The hazard ratios on the one and two year lagged
yields are mainly less than one and occasionally significant. Overall, the results are neither strong nor
clear.

For several reasons, this is to be expected. First, climate may impact the timing of entry into sex
work through channels other than agricultural incomes. Second, there are endogeneity concerns between
crop yields and timing of entry. An omitted variable could be jointly determining both, from the death of
a family member to intrahousehold bargaining dynamics. It is also possible that higher yields are
correlated with greater wealth, since fertilizer and mechanization both improve yields but are
unaffordable for the poorest farmers, and therefore a later entry into sex work. In conclusion, it is neither
surprising nor concerning that crop yields do not directly predict year of entry even though I expect that

climate variables impact entry through an agricultural channel.
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5.3 Main Specification: Climate Variables and Entry into Sex Work

Exploiting the randomness of yearly climate fluctuations, I test the causal impact of climate variables on
entry into sex work, controlling for year fixed effects, state-time trends, individual controls, and district
and age group strata. To capture the diminishing impact of precipitation on yields, I include a quadratic
precipitation term. Following the agricultural literature, I also include an interaction term between
precipitation and degree days to capture the positive impact of rainfall on the benefits of GDD and the
ameliorating impact of rainfall on the harmfulness of KDD (Table 7 in the Appendix shows that results
are similar for a specification without the interaction between degree days and precipitation).

Contrary to the hypothesis that adverse climate shocks drive entry into sex work by reducing
agricultural incomes, I find that favorable contemporaneous annual climate outcomes make entry this year
more likely. The hazard ratios for lag annual climate variables, though not statistically significant, also
indicate that favorable outcomes last year make entry more likely. This lag effect is similar in magnitude
and statistically significant for kharif climate variables. However, the hazard ratios for contemporaneous
kharif climate outcomes point in the opposite direction, with adverse climate outcomes this year
predicting entry—although these estimates are not statistically significant, and the true effect may be that

favorable contemporaneous kharif outcomes also make entry more likely.

Table 6. Effect of Climate Variables on Year of Entry

Kharif Annual
(M @) 3) (M B 3)
VARIABLES No lags 1 lag 2 lags, 1 lead No lags 1 lag 2 lags, 1 lead
GDD (100s) 0.939 0.968 0.941 1.204%* 1.213%%* 1.238%**
(0.101) (0.108) (0.122) (0.0957) (0.0952) (0.102)
KDD (100s) 1.448 1.048 1.116 0.617 0.585 0.475
(0.644) (0.598) (0.680) (0.272) (0.266) (0.224)
Precipitation (total mm) 1.002 1.002 1.001 1.002 1.002 1.002
(0.00263) (0.00282) (0.00349) (0.00298) (0.00307) (0.00305)
Lag GDD (100s) 1.002%* 1.002%%* 1.001 1.001
(0.000852) (0.000983) (0.00069) (0.00076)
Lag KDD (100s) 0.993** 0.993* 0.999 0.998
(0.00362) (0.00383) (0.00177) (0.00202)
Lag Precipitation (total mm) 1.001 1.001 1.000 1.000
(0.000409) (0.000487) (0.00032) (0.00032)
Observations 24,127 24,052 23,954 24,127 24,052 23,954
N subjects 1701 1701 1701 1701 1701 1701
Pseudo R-squared 0.131 0.132 0.131 0.131 0.132 0.131

Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact of rainfall on
the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD, precipitation squared (to
capture diminishing effects), year FE, district FE, state*time trends, district and age strata, and individual time invariant controls.
Standard errors are clustered at the district level and presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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5.4 Heterogeneous Impacts on Subgroups of Female Sex Workers
I run the same specifications for subgroups of FSWs by education level. The results for the impact of
kharif climate variables are inconclusive, although there is a large jump in the magnitude and direction of
the impact of GDD and KDD for women with low levels of education (up to primary school) compared to
women with high levels of education (secondary school and above). More GDD make entry for low-type
women less likely and entry for high-type women more likely.

However, every subgroup still displays the positive lag effect: positive climate outcomes last year

predict entry this year at a similar magnitude for women at every human capital level.

Table 8. Heterogeneous Impacts of Kharif Climate Impacts on Year of Entry

(1) @) 3) 4) 5)
All Education Primary Secondary Secondary and
VARIABLES Levels [lliterate School School Above
GDD (100s) 0.941 0.808 0.936 1.228 1.218
(0.122) (0.188) (0.215) (0.266) (0.254)
KDD (100s) 1.116 0.464 0.00749%** 5.372 4.783
(0.680) (0.766) (0.0166) (7.060) (5.862)
Precipitation 1.001 1.000 1.001 1.005 1.004
(total mm) (0.00349) (0.00719) (0.0102) (0.00446) (0.00466)
Lag GDD (100s) 1.002** 1.002 1.005 1.000 1.001
(0.000983) (0.00186) (0.00315) (0.00171) (0.00144)
Lag KDD (100s) 0.993* 0.993 0.987 0.994 0.990*
(0.00383) (0.00624) (0.00918) (0.00579) (0.00594)
Lag Precipitation 1.001 1.000 1.001 1.001 1.001**
(total mm) (0.000487) (0.000949) (0.00151) (0.000728) (0.000589)
Observations 23,954 8,383 5,596 8,528 9,975
N subjects 1701 590 384 619 727
Pseudo R-squared 0.131 0.162 0.187 0.183 0.173

Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact
of rainfall on the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD,
precipitation squared (to capture diminishing effects), year FE, district FE, state*time trends, district and age strata,
two lags and one lead, and individual time invariant controls. Standard errors are clustered at the district level and
presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Results for FSWs with primary school education and
debt at time of entry are not reported due to a missing likelihood.

Next, I select only the women who were in debt at the time of entry into sex work before dividing
them by human capital level. Now a strong and opposite effect emerges for illiterate versus educated
women. Another 100 GDD makes an illiterate woman 61.5 percent less likely to enter sex work, while a
woman with some level of education becomes more than twice as likely to enter. The hazard ratios for

KDD and precipitation are not always statistically significant, but their magnitudes are consistent with the
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observation that the impact of contemporaneous climate variables is opposite for illiterate versus educated
women. Furthermore, the lag effect remains consistent across every subgroup. (Tables 10-13 in the
Appendix present the full set of results for subgroups with and without entry debt using both kharif and

annual variables.)

Table 9. Heterogeneous Impacts of Kharif Climate Impacts on Year of Entry, with Entry Debt

3
(1) 2 SE)II)IG (4) Secondary
VARIABLES All Education Illiterate Education and Above
Levels
GDD (100s) 1.054 0.385* 2.190%** 2.464**
(0.194) (0.189) (0.659) (0.931)
KDD (100s) 0.0243%#* 0.276 0.0134** 0.00590*
(0.0328) (0.609) (0.0256) (0.0170)
Precipitation 1.010%* 1.004 1.014 1.012
(total mm) (0.00476) (0.0102) (0.00920) (0.0102)
Lag GDD (100s) 1.004* 1.004 1.003 1.003
(0.00212) (0.00301) (0.00261) (0.00230)
Lag KDD (100s) 0.981%* 0.974%** 0.981%* 0.968**
(0.00792) (0.00948) (0.00879) (0.0126)
Lag Precipitation 1.002%%* 1.001 1.003%** 1.003%**
(total mm) (0.000930) (0.00112) (0.00110) (0.00102)
Observations 9,320 3,701 5,619 4,051
N subjects 665 253 412 301
Pseudo R-squared 0.180 0.258 0.204 0.265

Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact
of rainfall on the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD,
precipitation squared (to capture diminishing effects), year FE, district FE, state*time trends, district and age
strata, two lags and one lead, and individual time invariant controls. Standard errors are clustered at the district
level and presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Results for FSWs with primary school
education and debt at time of entry are not reported due to a missing likelihood.

6. Discussion

This paper presents two surprising findings. First, for this sample of FSWs, climate migration and entry
into sex work is at least partially an investment story. Second, climate variables may have heterogeneous
impacts depending on human capital level. These results are clear, but the mechanisms through which
they operate are not. In this section, I suggest causal chains for each result and provide supporting

evidence. However, additional data are needed to credibly establish these mechanisms.
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6.1 Climate-Driven Investment Migration as a Pathway into Sex Work

For every specification run on every subsample, favorable climate outcomes last year predict entry this
year: the hazard ratios for the beneficial lag climate variables, GDD and precipitation, are greater than one
and the hazard ratio for the harmful lag climate variable, KDD, is less than one. These results suggest that
climate variables impact year of entry through their impact on migration, consistent with a standard two-
sector model with urban job search. Good climate outcomes increase crop yields (see Table 4), enabling
households in low-wage rural areas to save up to migrate to urban areas, where they hope to secure a
more lucrative job. Because formal sector urban jobs are scarce, many migrants end up in high-risk

informal labor.

Figure 3. Hypothetical Causal Chain

. S Entry into
Good climate Good crop o Failed job .
outcomes yields Migration search SR
current place

Although the data do not allow me to determine whether the migration and entry decisions are
made jointly or sequentially, I have argued that a sequential decision is most likely. The social
ramifications for entering sex work are so severe that women from small, rural villages typically move
first (Bhattacharya 2004), and often conceal their occupation from their families and acquaintances back
home, sometimes by also engaging in a more acceptable additional occupation (Sahni and Shankar 2013).
In fact, 72 percent of the FSWs surveyed report having a second occupation, although income from the
second occupation is trivial compared to income from sex work. Monthly earnings from non-sex work
occupations average Rs 302, compared to Rs 17,885 for sex work. This earnings differential suggests that
the second occupation is used as a social rather than economic tool.

Additional evidence supports the interpretation of this lag result as an investment effect. A wide
literature establishes that people from rural agricultural areas save up to migrate to cities in order to
secure better employment and, often, to send remittances home. Nearly half of the women in this sample
send remittances. The average monthly income from both sex work and non-sex work for FSWs who
remit is Rs 20,304. On average, remitters send 39 percent of their income home—about Rs 7,919.
According to the 2009-2010 National Sample Survey, average monthly per capita consumer expenditure
in rural areas is Rs 1,054. The average remittance is seven times average monthly income, representing a
tremendous contribution to their families’ well-being. The imperative to remit supports the story that
women migrate in order to find better jobs; when they fail to find those jobs, they enter sex work in the

current place instead of returning home.
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I can also get some traction by comparing the number of times an FSW has migrated with her
entry year. The sample is restricted only to FSWs who have moved at least twice in the two years
preceding the survey. If these women entered sex work in their origin districts, then their entry year
should also fall within two years of the survey. This is the case for only 24 of the 49 FSWs in the sample
who have moved only twice.

Still, this causal chain is speculative. To rigorously identify the mechanism, better data are

needed on the timing of migration.

6.2 Heterogeneous Impact of Climate Variables by Human Capital Level

Dividing the sample by human capital level suggests that climate variables may have different impacts for
low-educated versus highly-educated women. Although the results are not statistically significant, the
point estimates of the hazard ratios indicate that illiterate women are more likely to enter after adverse
contemporaneous climate outcomes, while educated women are more likely to enter after favorable
contemporaneous climate outcomes.

These results become statistically significant and increase in magnitude when I examine only the
FSWs who were in debt when they entered sex work. For illiterate, indebted women, another 100 GDD
makes entry this year 61.5 percent less likely relative to their baseline hazard, significant at the 10 percent
level. The hazard ratios for KDD and precipitation are not statistically different from one. For secondary
and above-educated, indebted FSWs, another 100 GDD makes entry this year more than twice as likely,
significant at the 1 percent level, and another 100 KDD makes entry this year about half as likely,
significant at the 5 percent level. For each of these regressions, the pseudo R-squared is greater than 0.20.
While there are many contributing factors to entering sex work, climate variability is a meaningful
component.

What causes the heterogeneity in the impact of climate variables for FSWs with different levels
of human capital? And why does being in debt at the time of entry strengthen the different results for
these subgroups of women?

In her 2014 study of Indonesia, Kleemans finds that migration falls into two categories: cheaper,
shorter distance distress migration caused by an adverse shock, and more expensive, longer-distance, and
ultimately more lucrative investment migration enabled by a series of positive shocks. I suggest that the
heterogeneous results by human capital level tell a similar story.

I hypothesize that the most vulnerable women are being pushed into sex work by adverse climate
outcomes, following a typical distress entry and distress migration story. Negative climate shocks cause

the crops to fail; to survive, women leave their home district and enter sex work. Adding the entry debt
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stipulation may strengthen the results because sex work is a last-ditch option (Bhattacharya 2004). These
women likely borrowed before deciding to enter sex work.

Conversely, women with some human capital seem to follow an investment migration story.
They save up after good climate outcomes and then migrate to cities and enter sex work. Their results get
stronger with entry debt because they may be taking out a loan or borrowing from family to facilitate
investment migration, which tends to be longer-distance and more expensive than distress migration
(Kleemans 2014).

In order to establish this mechanism, data are needed on both the timing and pattern of migration

to confirm that illiterate and educated women follow patterns of distress versus investment migration.

7. Conclusion
Contrary to the expected story of adverse climate outcomes causing distress entry into sex work, this
paper provides evidence for a more complex interaction between climate, migration, and harmful
informal labor markets—in this case, sex work. A better understanding of this intersection is urgent
given projections of significant damage to Indian agriculture due to climate change.

These results suggest that policy interventions to help agriculture adapt to climate change will be
insufficient to prevent rural to urban migration and entry into risky informal labor markets like sex work.
In fact, increasing yields may actually increase migration and entry into such jobs. Instead, facilitating
urban formal sector employment may be more effective in preventing entry into risky informal jobs.
Moreover, diversifying rural employment opportunities and increasing educational attainment may reduce
vulnerability to climate shocks.

As some of the first research to gain traction on the extensive margin of the market for sex, these
results also suggest that policy seeking to reduce the transmission of HIV/AIDS and other STIs should
focus on formal sector urban job development and making the job search process easier for recent
migrants. Job training programs may be a necessary component of such a policy, given the low levels of
education among sex workers; lack of education may have been a barrier to securing a desirable job for
many of these women in the first place.

While this paper achieves causal identification of the impact of climate variability on entry into
sex work for this sample of women, data limitations prevent a similar identification of its impact on
migration. An outline for further research should seek detailed migration data to clearly identify 1)
whether the decisions to migrate and to enter sex work, or another risky informal sector occupation, are
made simultaneously or consecutively; 2) whether climate outcomes have heterogeneous impacts on the
migration patterns of subsets of individuals defined by human capital level, wealth, or some other

measure of vulnerability.
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Table 1. Sex Worker Summary Statistics

Mean Std. Dev. Min Max N
Age at survey (yrs) 28.15 4.69 18 55 1879
Age at first sex (yrs) 16.99 2.801 9 29 1879
Age at first marriage (yrs) 16.64 3.23 9 29 332
Age at entry (yrs) 23.15 4.10 9 41 1879
Education (yrs) 3.73 3.40 0 25 1879

Freq. Percent Cum.
Illiterate 654 34.77 34.77
Primary school 402 21.37 56.14
Secondary school 700 37.21 93.35
High school and above 125 6.65 100.00
In debt at entry 719 38.22 38.22
In debt at survey 804 42.79 42.79
Sends remittances 844 47.63 47.63
Religion
Hindu 1474 78.45 78.45
Muslim 255 13.57 92.02
Christian 117 6.23 98.24
Other 33 1.76 100.00
Caste
Scheduled Caste 512 29.96 29.96
Scheduled Tribe 195 11.41 41.37
Other Backward Castes 551 32.24 73.61
Other 451 26.39 100.00
Sex work Mean Std. Dev. Min Max N
Days per week 5.24 1.34 1 7 1879
Clients per day 4.89 3.080 1 29 1879
Monthly income from sex work 17,885.3 19,982.7 960 260,000 1879
Monthly income from other sources 321.89 750.96 0 15,000 1879
Percent remitted 38.97 19.27 10 75 844
Amount in debt 12,421.68 82,112.51 0 2000000 803
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Table 2. ERA-Interim Descriptive Statistics for FSW Origin Districts, 1979-2007

Mean  Std. Dev.  Min. Max. N
Temperature, annual avg, C 25.73 1.27 10.12 28.73 3,025
Temperature, monsoon avg, C 26.06 2.30 16.11 36.45 3,025
Temperature, kharif avg., C 25.37 1.65 13.69 33.16 3,025
Precipitation, annual total mm 936.69 508.92 2440  3279.65 3,025
Precipitation, monsoon total mm 526.93 338.32 13.83 1932.90 3,025
Precipitation, kharif total, mm 814.978 429.06 13.90 2597.66 3,025
Growing Degree Days (GDD), annual total 3,449.74 239.91 681.49 4,014.34 3,025
Growing Degree Days, monsoon total 1,641.28 191.43 747.09  2,190.41 3,025
Growing Degree Days, kharif total 3,156.62 281.24 110.83  4,025.72 3,025
Killing Degree Days (KDD), annual total 60.61 43.69 0.00 443.69 3,025
Killing Degree Days, monsoon total 18.01 25.45 0.00 426.29 3,025
Killing Degree Days, kharif total 20.51 27.82 0.00 578.70 3,025

Table 3. District- Level Crop Yields Summary Statistics, 1998-2013*

Mean Std. Dev. Min. Max. N
Subsistence, annual, output/hectare 1.98 0.81 0.19 6.02 12615
Subsistence, kharif, output/hectare 1.68 0.55 0.32 3.90 12886
Major crop, annual, output/hectare 1.84 0.70 0.19 6.02 12615
Major crop, kharif, output/hectare 1.41 0.47 0.29 2.92 12888
Cash crop, annual, output/hectare 0.87 0.49 0.13 2.69 11974
Cash crop, kharif, output/hectare 1.95 242 0.12 20.16 12875

*For districts in Andhra Pradesh, Karnataka, Maharashtra, and Tamil Nadu only.
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Table 4. Effect of Climate Variables on Crop Yields¥

(1) (2) (1) (2) (1) (2)
Subsistence Crop Major Crop Cash Crop
VARIABLES Kharif Annual Kharif Annual Kharif Annual
KDD (100s) -0.149%%** -0.0769%** -0.155%** -0.0820%** -0.171%%* -0.150%**
(0.0508) (0.0387) (0.0473) (0.0340) (0.0561) (0.0364)
GDD (100s) 0.0157 0.00906 0.0430%** 0.0110 0.0292* 0.0151
(0.0162) (0.0100) (0.0152) (0.00952) (0.0168) (0.0127)

Precipitation (total mm)  0.000595  0.00276***  0.000967**  0.00229**  0.000569 0.000386
(0.000583)  (0.000976)  (0.000483)  (0.000896)  (0.000473)  (0.000828)

Observations 4,270 2,499 6,233 3,039 6,913 2,202
R-squared 0.669 0.752 0.696 0.777 0.880 0.877

Includes precipitation squared (to capture diminishing effects), state fixed effects, crop fixed effects, state-time linear and quadratic trends, and year
fixed effects. Errors are clustered at the district level and presented in parentheses. Results for log yields (not shown) are similar. *** p<0.01, **
p<0.05, * p<0.1

+ Includes districts in Andhra Pradesh, Karnataka, Maharashtra, and Tamil Nadu only.

Table 7. Effect of Climate Variables on Year of Entry, without Degree Day-Precipitation

Interaction
Kharif Annual
(1) @) 3) (1) @) 3)
2 lags, 2 lags,
VARIABLES No lags 1 lag 1 lead No lags 1 lag 1 lead
GDD (100s) 0.897 0.924 0.914 1.151%%* 1.169%** 1.188***
-0.109 -0.112 -0.117 -0.0521 -0.0541 -0.0565
KDD (100s) 0.84 0.744 0.745 0.776 0.738 0.682%*
-0.264 -0.266 -0.332 -0.167 -0.164 -0.158
Precipitation (total
mm) 0.999 0.999 0.999 1.000 1.000 1.001
-0.00091 -0.00094 -0.00108 -0.00058 -0.00057 -0.00056
Lag GDD (100s) 1.002%** 1.002%** 1.001 1.001
-0.0008 -0.00096 -0.00069 -0.00076
Lag KDD (100s) 0.993** 0.993* 0.999 0.998
-0.00342 -0.00368 -0.00174 -0.00193
Lag Precipitation 1.001* 1.001 1 1
(total mm) -0.00039 -0.0005 -0.0003 -0.00031
Observations 24,127 24,052 23,954 24,127 24,052 23,954
N subjects 1701 1701 1701 1701 1701 1701
Pseudo R-squared 0.131 0.131 0.131 0.131 0.132 0.131

Includes precipitation squared (to capture diminishing effects), year FE, district FE, state*time trends, district and age strata,
and individual time invariant controls. Standard errors are clustered at the district level and presented in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 10. Effect of Climate Variables on Year of Entry, by Education Level

Kharif
(1) 2 3) “) (5)
All Education Primary Secondary Secondary and
VARIABLES Levels Illiterate School School Above
GDD (100s) 0.941 0.808 0.936 1.228 1.218
(0.122) (0.188) (0.215) (0.266) (0.254)
KDD (100s) 1.116 0.464 0.00749%* 5.372 4.783
(0.680) (0.766) (0.0166) (7.060) (5.862)
Precipitation (total
mm) 1.001 1.000 1.001 1.005 1.004
(0.00349) (0.00719) (0.0102) (0.00440) (0.00466)
Lag GDD (100s) 1.002** 1.002 1.005 1.000 1.001
(0.000983) (0.00186) (0.00315) (0.00171) (0.00144)
Lag KDD (100s) 0.993* 0.993 0.987 0.994 0.990*
(0.00383) (0.00624) (0.00918) (0.00579) (0.00594)
Lag Precipitation 1.001 1.000 1.001 1.001 1.001**
(total mm) (0.000487) (0.000949) (0.00151) (0.000728) (0.000589)
Observations 23,954 8,383 5,596 8,528 9,975
N subjects 1701 590 384 619 727
Pseudo R-squared 0.131 0.162 0.187 0.183 0.173
Annual
GDD (100s) 1.238%*** 1.350 1.035 1.325 1.359%*
(0.102) (0.247) (0.302) (0.235) (0.204)
KDD (100s) 0.475 0.368 0.0668* 0.242 0.190%**
(0.224) (0.362) (0.0967) (0.229) (0.147)
Precipitation (total
mm) 1.002 1.003 0.991 1.002 1.003
(0.00305) (0.00652) (0.00815) (0.00634) (0.00500)
Lag GDD (100s) 1.001 1.000 1.001 1.002* 1.002%**
(0.000755) (0.00120) (0.00233) (0.00100) (0.000904)
Lag KDD (100s) 0.998 1.004 0.998 0.994* 0.991%**
(0.00202) (0.00426) (0.00649) (0.00358) (0.00262)
Lag Precipitation 1.000 1.000 1.000 1.001%** 1.001***
(total mm) (0.000320) (0.000438) (0.00111) (0.000433) (0.000390)
Observations 23,954 8,383 5,596 8,528 9,975
N subjects 1701 590 384 619 727
Pseudo R-squared 0.131 0.163 0.193 0.182 0.172

Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact of rainfall
on the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD, precipitation squared
(to capture diminishing effects), year FE, district FE, state*time trends, district and age strata, two lags and one lead, and
individual time invariant controls. Standard errors are clustered at the district level and presented in parentheses. *** p<(0.01,

** p<0.05, * p<0.1.



Table 11. Effect of Climate Variables on Year of Entry,
by Education Level with Debt at Time of Entry

Kharif
(1) ) 3) “) (&)
Entry Debt, All Secondary Secondary and Some
VARIABLES Education Levels Illiterate School Above Education
GDD (100s) 1.054 0.385* 1.919% 2.464%* 2.190%**
(0.194) (0.189) (0.645) (0.931) (0.659)
KDD (100s) 0.0243%** 0.276 0.00831 0.00590%* 0.0134%*
(0.0328) (0.609) (0.0279) (0.0170) (0.0256)
Precipitation (total 1.010%* 1.004 1.004 1.012 1.014
mm) (0.00476) (0.0102) (0.0110) (0.0102) (0.00920)
Lag GDD (100s) 1.004* 1.004 1.002 1.003 1.003
(0.00212) (0.00301) (0.00281) (0.00230) (0.00261)
Lag KDD (100s) 0.981** 0.974%*** 0.969** 0.968** 0.981**
(0.00792) (0.00948) (0.0135) (0.0126) (0.00879)
Lag Precipitation 1.002%* 1.001 1.004*** 1.003*** 1.003***
(total mm) (0.000930) (0.00112) (0.00126) (0.00102) (0.00110)
Observations 9,320 3,701 3,572 4,051 5,619
N subjects 665 253 264 301 412
Pseudo R-squared 0.180 0.258 0.286 0.265 0.204
Annual
GDD (100s) 1.347* 1.190 1.131 1.524 1.658**
(0.229) (0.444) (0.401) (0.437) (0.347)
KDD (100s) 0.248 0.328 0.162 0.0796* 0.0947%*
(0.240) (0.524) (0.268) (0.110) (0.0980)
Precipitation (total 1.007 1.001 0.996 1.005 1.011
mm) (0.00601) (0.0108) (0.0111) (0.00782) (0.00797)
Lag GDD (100s) 1.001 0.998 1.002 1.003*** 1.002
(0.00115) (0.00201) (0.00148) (0.00115) (0.00123)
Lag KDD (100s) 0.997 1.005 0.988* 0.987** 0.994
(0.00490) (0.00914) (0.00722) (0.00640) (0.00523)
Lag Precipitation 1.001 1.000 1.003%** 1.002%** 1.002%***
(total mm) (0.000560) (0.000581) (0.000467) (0.000461) (0.000540)
Observations 9,320 3,701 3,572 4,051 5,619
N subjects 665 253 264 301 412
Pseudo R-squared 0.176 0.244 0.273 0.251 0.199
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Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact of rainfall on
the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD, precipitation squared (to
capture diminishing effects), year FE, district FE, state*time trends, district and age strata, two lags and one lead, and individual
time invariant controls. Standard errors are clustered at the district level and presented in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.



Table 12. Effect of Climate Variables on Year of Entry, by Education Level and No Entry Debt

Kharif
(1) 2 3 4 &)
No Entry Debt, All Secondary Secondary and Some
VARIABLES Education Levels [lliterate School Above Education
GDD (100s) 0.875 0.932 1.150 1.043 0.787
(0.130) (0.268) (0.403) (0.272) (0.159)
KDD (100s) 3.566* 1.080 762.7%%* 306.1%** 11.15
(2.521) (2.250) (1,901) (608.1) (19.82)
Precipitation (total 0.996 0.996 1.002 0.999 0.996
mm) (0.00465) (0.00759) (0.00857) (0.00622) (0.00635)
Lag GDD (100s) 1.002* 1.000 1.001 1.002 1.002
(0.00127) (0.00283) (0.00253) (0.00225) (0.001806)
Lag KDD (100s) 0.998 0.995 1.002 0.997 0.996
(0.00472) (0.00725) (0.00957) (0.0110) (0.00782)
Lag Precipitation 1.000 0.999 1.000 1.001* 1.000
(total mm) (0.000571) (0.00100) (0.000775) (0.000704) (0.000714)
Observations 13,895 4,381 4,837 5,781 9,514
N subjects 992 319 348 417 673
Pseudo R-squared 0.142 0.164 0.228 0.216 0.174
Annual
GDD (100s) 1.097 1.386 1.181 1.065 1.103
(0.101) (0.315) (0.297) (0.213) (0.165)
KDD (100s) 0.895 0.220* 3.453 2.315 0.453
(0.480) (0.187) (5.145) (2.892) (0.423)
Precipitation (total 0.999 1.003 0.999 0.997 0.998
mm) (0.00316) (0.00603) (0.00788) (0.00636) (0.00434)
Lag GDD (100s) 1.001 1.000 1.004** 1.003** 1.003**
(0.000836) (0.00148) (0.00138) (0.00130) (0.00119)
Lag KDD (100s) 0.999 1.011* 0.990* 0.992 0.992%*
(0.00243) (0.00591) (0.00547) (0.00526) (0.00370)
Lag Precipitation 1.000 1.000 1.000 1.001 1.000
(total mm) (0.000438) (0.000424) (0.000765) (0.000677) (0.000579)
Observations 13,895 4,381 4,837 5,781 9,514
N subjects 992 319 348 417 673
Pseudo R-squared 0.142 0.177 0.227 0.210 0.177
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Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact of rainfall on
the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD, precipitation squared (to

capture diminishing effects), year FE, district FE, state*time trends, district and age strata, two lags and one lead, and individual
time invariant controls. Standard errors are clustered at the district level and presented in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.



Table 13. Robustness Checks: Control Variables*

(1) @) (3) (4) 5) (©) (7)
Plus Plus
No Individual District Plus origin Plus year  Plus Time  Plus State-
VARIABLES Controls Controls Strata state FE FE Trend Time FE
GDD (100s) 0.929* 0.934 1.005 1.005 0.939 0.939 0.939
(0.0376) (0.0488) (0.153) (0.153) (0.101) (0.101) (0.101)
KDD (100s) 1.696 1.716 0.373 0.373 1.448 1.448 1.448
(0.798) (1.107) (0.335) (0.335) (0.644) (0.644) (0.644)
Precipitation 1.000 1.000 1.001 1.001 1.002 1.002 1.002
(total mm) (0.00142)  (0.00179)  (0.00481) (0.00481) (0.00263)  (0.00263) (0.00263)
N subjects 1875 1701 1701 1701 1701 1701 1701
Pseudo R-squared 0.00317 0.00354 0.00722 0.00722 0.131 0.131 0.131
Observations 26,366 24,127 24,127 24,127 24,127 24,127 24,127
Individual Controls N Y Y Y Y Y Y
District Strata N N Y Y Y Y Y
Origin State FE N N N Y Y Y Y
Year FE N N N N Y Y Y
Time Trend N N N N N Y Y
State-Time Trend N N N N N N Y

*All specifications use kharif climate variables, precipitation squared, and degree day-precipitation interactions.
District clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 14. Robustness Checks: Lags and Leads

Kharif
&) 2 3) “ (&) (6)
VARIABLES No lags 1 lag 1 lag 1 lead 2 lags 2 lags 1lead 3 lags 1 lead
GDD (100s) 0.939 0.968 0.961 0.953 0.941 0.954
(0.101) (0.108) (0.105) (0.124) (0.122) (0.122)
KDD (100s) 1.448 1.048 1.081 1.071 1.116 0.847
(0.644) (0.598) (0.641) (0.629) (0.680) (0.541)
Precipitation 1.002 1.002 1.002 1.001 1.001 1.002
(total mm) (0.00263)  (0.00282) (0.00316) (0.00331) (0.00349) (0.00346)
Lag GDD (100s) 1.002%** 1.002%** 1.002%** 1.002%* 1.002*
(0.000852)  (0.00104)  (0.000826)  (0.000983) (0.00102)
Lag KDD (100s) 0.993%* 0.992%* 0.993* 0.993* 0.991%*
(0.00362) (0.00399) (0.00353) (0.00383) (0.00432)
Lag precipitation 1.001 1.001 1.001* 1.001 1.000
(total mm) (0.000409)  (0.000524)  (0.000394)  (0.000487) (0.000510)
Observations 24,127 24,052 24,039 23,967 23,954 23,852
N subjects 1701 1701 1701 1701 1701 1701
Pseudo R-squared 0.131 0.132 0.131 0.132 0.131 0.131
Annual
GDD (100s) 1.204%** 1.213** 1.246%** 1.207** 1.238%** 1.258%**
(0.0957) (0.0952) (0.102) (0.0958) (0.102) (0.112)
KDD (100s) 0.617 0.585 0.524 0.517 0.475 0.442%*
(0.272) (0.266) (0.240) (0.242) (0.224) (0.218)
Precipitation 1.002 1.002 1.002 1.001 1.002 1.002
(total mm) (0.00298)  (0.00307) (0.00299) (0.003006) (0.00305) (0.00316)
Lag GDD (100s) 1.001 1.001 1.001 1.001 1.001
(0.000693)  (0.000704)  (0.000729)  (0.000755) (0.000764)
Lag KDD (100s) 0.999 0.999 0.999 0.998 0.999
(0.00177) (0.00184) (0.00197) (0.00202) (0.00216)
Lag precipitation 1.000 1.000 1.000 1.000 1.000
(total mm) (0.000317)  (0.000318)  (0.000318)  (0.000320) (0.000327)
Observations 24,127 24,052 24,039 23,967 23,954 23,852
N subjects 1701 1701 1701 1701 1701 1701
Pseudo R-squared 0.131 0.132 0.131 0.132 0.131 0.131

Includes interaction between GDD and precipitation and KDD and precipitation to capture the augmenting impact of
rainfall on the positive impact of GDD and the dampening impact of rainfall on the negative impact of KDD,
precipitation squared (to capture diminishing effects), year FE, district FE, state*time trends, district and age strata, and
individual time invariant controls. Standard errors are clustered at the district level and presented in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Figure 4: Baseline Hazard Rates by Origin District, Religion, Caste, and Age Group
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Baseline hazard rates by origin district, religion, caste, and age group. These figures show that each of these groups have
different baseline probabilities of entry into sex work in a given year. Including these variables in the estimated model is
necessary for isolating the impact of climate variables as well as possible.
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