





appears in the agricultural data as the “year” in which the said district
was created. Yet another difficulty lies in that the “mother” district, from
which the new district is created, exists and has the same name as before.
However, in many cases, the agricultural data base indicates that a change
has occurred'®, and this allows a largely?® comprehensive accounting of (a)
which new districts are created (b) which existing districts have altered and
at what point of time.

There are two ways to proceed to obtain uniform district data sets.
The first approach, pursued in Duflo and Pande (2007) (an extension of the
earlier dataset compiled by Sanghi et al. (1998)), is one in which districts
were defined based on the most primitive definition and are therefore con-
sistent in time. The second approach, and the one we pursue, is to (a) track
when new districts are created (b) treat the new districts as being distinct

from the original ones®!.

We argue that this is a better indicator of the
districts for the following reason: in general, districts are altered for ease
of administration and/or for historical reasons. It is then evident that we
anticipate that two districts to have different characteristics (in addition to
the obvious one of different area), and therefore, separate fixed effects for
each is more appropriate when the fixed effects are viewed as accounting for
“unobserved heterogeneity”. In order to obtain geographical co-ordinates
for each district (primarily the district center), we make use of GIS maps
of India for two time periods, 1991 and 2001. This allow us to keep track
of how district centroids change with time, following the approach outlined
above in treating districts which undergo any changes as separate districts
(although most districts are already small enough th~+ ~won ~feae o choanon
their centroids are either almost unchanged or ch:

9The timing of the change is generally restricted to the cen
of reporting of data.

20This is “largely” but not completely comprehensive since
which have altered even slightly have indicators in the datab:
be minor enough to be ignored.

21Thus, if district “X” was split in year “Y" into districts
is simply an indicator-generally a phrase such as “up to 19¢
tinguish between the pre- and -post districts), then we treat .
as all distinet, with district “X” being in existence prior to y _
and “Z" existing post ve: s to the number of districts
being different at differes years).



degree)?2.

Weather Data

Temperature Data

Schlenker and Roberts (2006, 2009) have illustrated the superiority of using
fine-scale temperature measures to account for the cumulative effects of
variations in temperature on crop yield. Much of this research has been
confined to the developed countries (an exception is Guiteras (2008)) due
to lack of availability of such data for the developing nation setting. Given
the paucity of station-level temperature and rainfall data for India, prior
work (Guiteras (2008)) makes use of a corrected reanalysis dataset, consists
of gridded (at the 19 x 1° resolution) 6-hourly measurements of temperature
from 1949-2000. This study makes use of gridded (1° x 1Y resolution) daily
rainfall and temperature products recently created and made available by
the IMD (Srivastava et al. (2009)), and to our knowledge, this is the first
paper in economics to make use of this dataset, spanning 1969-2005.

To create daily district-level data from gridded, we use a weighted
(using standard weights in the Climate literature, the inverse square root
of distance) average of data from all grids which are within a 100 KM ra-
dius®® from the district centroid. Due to the nature of agricultural policy,
yields across space are expected to be related (especially within a state and
region); further, the mode of creation of the weather variables (gridding)
induces additional dependence across space, due to which dependence of
the regression residuals are likely to be dependent across space. Following
recent literature on bootstrapping the variance estimators for panel data
with spatial dependence (Gongalves (2008)), we illustrate a simple boot-
strap approach which accounts for this, even in the relatively complicated
estimation framework employed here.

22The approach in the CMIE database to new states is to treat these states and their
districts to have existed for the entire period and to simply relabel the districts originally
in another state to have been in the new state. For instance, districts which were in
Madhya Pradesh and were later a part of Chhatisgarh are treated as being, for all time
periods, in Chhatisgarh. We follow this convention since it is also more sensible when
reporting effects at the state level.

23 Alternative radii of up to 200 km yielded very similar seasonal summary statistics.
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Precipitation

For precipitation, we again make use of a gridded daily rainfall data set prod-
uct, spanning 1951-2005, developed by the IMD (Rajeevan et al. (2005)).
To our knowledge, this is this first paper in Economics to make use of this
dataset. Creation of district-level data from gridded proceeds in the same
way as for temperature. The significance of using actual data, in compar-
ison to reanalysis data, for India is illustrated elsewhere (and is available
upon request) but the main differences are that the fidelity to actual rainfall
varies with reanalysis datasets, and the NCC dataset in particular appears
poorly constrained due to the lack of actual data for India.

Summary Statistics

Summary statistics of the key variables used, by region, are presented in
Table (1) for wheat and Table (2) for rice. Three points are noteworthy
about Table (1): the predominance of the Northern region in wheat pro-
duction, its high yields and the very high irrigation ratios. Turning now
to rice, it is evident that the Eastern region dominates in rice production,
followed by the Southern and Northern regions; in addition, there is a sig-
nificant difference in rainfall between the Eastern regions and the rest of
India. Finally, the relatively late onset of the monsoon is evident in the
Northern and Western regions?*.

REGRESSION RESULTS
As indicated earlier, for each of rice and wheat, two sets of regressions
are carried out for each specification of GDD: using seasonal rainfall and
using monthly rainfall. For the sake of brevity, and since in our climate
change specifications we do not use monthly rainfall changes, we report and
discuss results using only seasonal rainfall?®. The regression strategy is as
follows: interest centers on the estimation of the 7" quantile of log(yield)

, as in equation (9) for the parametric case and equation (8) for the non-

24The CMIE data base, and in general Agricultural statistics in India, reports irrigated
area by crop and year, instead of by season. However there are, for certain districts in
south eastern India, two rice growing seasons due to which it has not yet been able to
establish the extent of irrigation during the kharif season. We therefore do not have
potentially important information regarding irrigation in the kharif season.

25Nearly identical results were obtained when monthly (in case of kharif) and bi-
monthly (in case of rabi) rainfall were used instead.
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parametric case. The actual equations estimated, however, are (9), for the
rabi season, and (10) and (11) for kharif, substituted into equation (6) (with
equal weights and no penalty, as indicated earlier).

We follow much of the literature (see Fitzenberger et al. (2002)) and
chose the first three quartiles, along with the 90" %tile: T = (0.25,0.5,0.75,0.9)
for estimation. All regressions include region-specific cubic time trends
whose coefficients, along with those of individual fixed effects, are not re-
ported since they are not of intrinsic interest. We avoid the use of year
fixed effects for two reasons, to better capture region-specific heterogene-
ity and to avoid numerical issues with the linear programming problem?®.
An undesirable consequence of this choice is that the interpretation of the
coefficients at each quantile are somewhat different from those in a pure
cross-section, as indicated earlier. As indicated above, both asymptotic and

(time) bootstrap t-statistics are reported.

Wheat

Results of estimation are provided in Tables (3) and (4). Given the log-linear
nature of the regressions, we may interpret the coefficients as approximately
corresponding percentage changes. Turning first to effects of temperature,
two conclusions are evident. First, there appears to be a inverted U-shape
relationship between yield and temperature, indicating that temperature
upto a certain point is beneficial, and harmful thereafter. This is in keeping
with the results obtained in Schlenker and Roberts (2009) and in Guiteras
(2008), using very different methods. A second, and more surprising, one is
that the differences across quantiles of yield of the inflection point is mini-
mal, indicating a significant degree of uniformity in impacts across differing
crop and ecology types (controlling for irrigation and rainfall). Rainfall
also appears to have a similar relationship to yield as does temperature
and interestingly, the coefficients across different quantiles is very different
(for instance, in absolute terms, the coefficients in many instances differ by
upto 50%), reflecting the high spatio-temporal variability in winter season

261t proved difficult to estimate the year fixed effects, given the unbalanced nature of
the regression sample and the fact that both individual fixed effects and year fixed effects
must be estimated. For the same reason, it is even more infeasible in this approach to
estimate region-specific or district-specific year fixed effects.
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rainfall (evident in Table (1)).

Yet another interesting point is that while harmful degree days ap-
pear to have (for the most part) the correct sign, they are never significant,
indicating that, when accounting for a richer interaction between tempera-
ture and rainfall (as the log specification does?”), the additively separable
nature of harmful degree days yields little additional information. Irriga-
tion, unsurprisingly, is highly significant and positive at all quantiles, with a
possibly smaller coefficient at the 90" percentile. Results using bi-monthly
rainfall totals are almost identical (and are available upon request), although
given the highly variable and spatially concentrated nature of rainfall, it is
difficult to interpret the coefficients on rainfall.

Finally, in order to assess if the results are influenced by the quadratic
specification for GDD, we use two, very different, non-parametric approaches;
first, we use an orthogonal polynomial expansion for growing degree days,
using polynomials of degree 4, and second, we use the penalized spline ap-
proach outlined above. The coefficients for other variables, using either
approach, appeared to be identical (we do not therefore report coefficients
estimated with the spline specification), as illustrated for the case of or-
thogonal polynomials in Table (4). The estimated effect of gdd on yields
using non-parametric splines, in figure (6), indicates very clearly an initial
increase, followed by a subsequent decrease (the inflection point also ap-
pears very close to the ones obtained using simple quadratic specification
above). Thus, the results are robust to functional form assumptions.

Rice

In the case of rice, GDD appear to have a U-shaped relationship, quite con-
trary to intuition and agronomic belief, as indicated in Table (5). Further,
this behavior is consistent across quantiles, indicating that the relationship
is global (in the distribution function). The relationship with rainfall, how-
ever, appears to be a more conventional N—shape, and rainfall is seen to be
significant at all quantiles. Onset day appears to be a poor predictor, with

a positive significant coefficient at the lower quantiles, with no effects at the

2TWe note that the use of a log specification implies some amount of substitutabil-
ity between heat and rainfall, which is realistic. It also limits the interactions to be
multiplicative.

23



upper quantiles. Dry spells, on the other hand, have the expected nega-
tive sign, and is significant at all quantiles. In order to assess if the results
are impacted by the simple, quadratic functional form assumptions, both
orthogonal polynomials and penalized splines were used to model GDD.

Since the quadratic specification for GDD performs adequately (apart
from a well known tendency to inflate variance of the remaining param-
eters), we do not reprot results from an investigation of the orthogonal
poynomial coefficients, which are qualitatively similar. Further, the fully
non-parametric approach to estimating the effect of GDD, as indicated in
figure (5), reinforces the robustness of an inverted U-shape relationship.
Thus, it is clear that the relationship outlined, and the lack of significance,
are robust to various functional forms.

These results are unaltered when monthly rainfall is used instead
of seasonal rainfall. Yet another concern could be the omission of irriga-
tion, which is of some importance for many regions, especially the northern
region. Given the lack of reliable data on irrigation at the district level for
rice by season, it is not possible to directly address this concern. However,
we argue that it is very plausible that the possible bias due to omission
of irrigation is unlikely to drive our results, by noting that onset days are
already not significant, at the upper part(s) of the distribution, which corre-
spond (imperfectly but largely) to irrigated districts. Thus, the concern that
these coefficients are larger (or significant) due to the omission of irrigation
is unlikely to be substantially responsible for these results.

Intriguingly, however, recent results using farm level data on irri-
gated agriculture (Welch et al. (2010)) indicate that maximum temperatures
are beneficial for rice crops, despite agronomic evidence to the contrary.
While the study had only one site in India, in Tamil Nadu, with maxi-
mum temperature significantly lower than those in say Northwestern India,
the impact of the interaction of high temperatures with irrigation may well
explain a part of the results obtained here.

Comparison with the Standard, Conditional Mean Approach
In order to illustrate the benefits of the current approach, consider the
results of using an identical specification in a standard, linear panel data

24



framework, results for which are in the final columns of Table (3) to (5).
Since the comparison is identical when using orthogonal polynomials, we
focus on the simple, quadratic-in-gdd specification.

Consider first, the case of wheat, in Table (3), where magnitudes
of differences in coefficients across quantiles are smaller than those for rice.
Two points are evident from a perusal of the results: (a) results of the mean
regression are very similar to those of the quantiles when there is little dif-
ference in coefficients across the quantiles, as for the case of GDD (b) when
there are substantial differences across quantiles (as in the case of irrigation
and rainfall), mean regression provides a very incomplete characterization
of the conditional distribution. For instance, in the case of irrigation ratio,
the coefficient in the mean regression is 7.95, which is very close the impact
of regression at the 90" percentile, and is substantially (about 25%) smaller
than at the first quartile.

These differences are even larger in the case of rice (Table (5)).
Consider for instance the coefficient on either onset day or dry spells; these
coefficients are, in many instances, substantially (a factor of 4, in the case
of onset) different. More importantly, the variation in coefficient(s) across
quantiles (which are statistically significant, see below), are smoothed over
by a focus on the mean.

It is therefore clear that substantial heterogeneity in relationships
exist at different quantiles and that the mean regression framework, in this
case, provides a very incomplete characterization of the conditional dis-
tribution of yield. The substantial differences in impacts using these two

frameworks are fully illustrated below.

Climate Change Scenarios

Climate change scenarios for econometric studies of impacts on agriculture
has focused on GCM projections, for the most part the Hadley Center mod-
els (Schlenker and Roberts (2009); Guiteras (2008); Deschenes and Green-
stone (2007)). However, for the US, Schlenker and Roberts (2009) used
downscaled GCM projections while Guiteras (2008) uses the coarser GCM
daily output. GCM daily projections, however, are known to have signifi-
cant biases which make their use for agricultural purposes quite tricky (Ines
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et al. (2010)). Further, the coarseness of the GCM output tends to lead to
a large degree of spatial smoothing, a very undesirable feature. While we
hope to report on downscaling GCM output for India and their applications
in a future iteration, we will use simpler scenarios for the future at present.

Consistent with [IPCC projections and with prior literature on crop
modeling for India, we consider the following scenarios for kharif (summer
growing) season: uniform increases in temperature over the growing sea-
son of 1 and 2°C, coupled with uniform increases in rainfall of 10%. It
is clear that, using this approach, the increases in rainfall are significantly
overstated (since model projections expect reduction in rainfall over cer-
tain regions of India, especially the Northwest). Further, many GCM’s also
project increase in monsoon rainfall variability, which we interpret as in-
creases in probability of late monsoon (by a uniform 10%) and increases
in dry spells (again by a uniform 10%), given model projections of more
intense rainfall coupled with reduction in rainfall frequency. However, for
the results below, we do not apply changes in sub-seasonal characteristics,
in order to minimize clutter (and since modest changes in these variables
do not substantially affect yield).

For the rabi (winter growing) season, there have been very few
studies on possible impacts; however, most indications are for increased
minimum (therefore average) temperatures, and little changes in rainfall.
We translate this, in line with prior crop modeling efforts, into uniform 0.5
and 1°C increase in temperature, and an unchanged rainfall distribution.
We emphasize that these scenarios are consistent with those used in the
crop modeling literature (Mall et al. (2006b,a)) as well as prior econometric
approaches (Sanghi et al. (1998); Guiteras (2008)).

Climate Change Impacts

The impacts of climate change are computed, at each quantile, as the differ-
ences in predicted values under current and future weather. In more detail,
denoting with superscript f future realizations of weather, we compute

AYiu(r) = Y (7) = Y (9) (12)

as the predicted change. In other words, predicted values are ob-
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tained, using coefficients estimated under current weather, for both current
and future weather and the difference in predicted values are interpreted as
the impact of change in climate. We present the full distribution of pre-
dicted changes, instead of focusing on summary changes (such as changes
at the mean of the covariates) in order to assess the full range of changes

predicted. The distribution of the changes are summarized using box plots.

Wheat
There are two possible scenarios for winter, as indicated above. Given
the signs of the coefficients, one anticipates significant losses in yield un-
der increased warming. The results in Table (6) indicate that increasing
temperatures indeed are harmful. Further, the magnitude of losses are de-
creasing in quantiles, for every scenario considered, indicating a significant
degree of heterogeneity in the direction (not magnitude) of impact across a
range of growing conditions. Finally, median losses range from 2 to 5% in
the relatively benign 0.5°C' temperature increase scenario to a substantial
5—10% in the 1°C warming scenario, with many districts losing as much as
22% of yield. Figure (1) provides a visual description of the magnitude of
losses: for scenario 2, losses rise to as high as 20% for the lower percentiles,
indicating significant losses for the already lower productive districts®®.
Turning now to assessing regional impacts, we note that the south-
ern region, already quite hot, has the highest losses (although of less im-
portance in wheat production nationally) in both scenarios, as indicated in
figure (2) (we do not include the figure for regional losses under scenario
2, since the regional distribution is identical). However, at all percentiles,
western and central regions, regions of already large poverty and substantial

wheat production, also lose significantly, upto 6% of yield with a uniform

28The interpretation of the coefficients are somewhat different from the cross-section
case, since the quantiles are defined for i and ¢; thus, one can only speak of the “low”
or “high” yielding district-year combinations, instead of low (high) yielding “districts” or
“years” separately. However, for substantial parts of India, yields tend to have relatively
low variability and only regions with low yield on average tend to have high variability.
Therefore, we loosely interpret district-year combinations with low and high vields as
“districts” with low and high yield. We note that such terminology is clearly inappropriate
for the quantiles 0.5 and 0.75, since these can correspond to “low” (*high”) years in
high (low) vielding districts, and therefore, we can only refer to them by the less useful
“district-year” terminology.
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increase of 0.5°C and 9%, with an increase of 1°C. Losses in the Northern
region are smaller, at about 2 — 5%, whose impacts however can translate
into large welfare losses due to the very high production losses embodied.

Rice

The impact of climate change on rice (from Table (6)) appears somewhat
dissimilar. There are minor increases in yield, of upto 0.5% (median) at the
50t %tile, with moderate reductions in yield, of upto 1.67%, at the higher
quantiles, in Scenario 1. Under Scenario 1, reductions are predominant ev-
erywhere except at the median. The results so far can be summarized as in-
dicating moderate reductions in yield at most low and high quantiles, which
increased reductions under enhanced warming. However, as clearly seen in
figure (3) (unlike in the case of wheat wherein there are only a very few dis-
tricts whose impacts differ in sign) a substantial number of district-years,
at most quantiles, experience significant (>5%) yield reductions, indicating
significant heterogeneity in impacts.

Turning now to a closer analysis of the regional distribution of losses
and gains, it is striking, from figure (4) that most of the gains are driven
by the Eastern and Northern regions, which has a very large share in area
and production of rice, while most of the losses are driven by losses in
parts of the Southern region, and this is consistent across quantiles and
scenarios (figures for scenario 2 not shown but are available upon request).
The results of the regional analysis help inform the pathways to possible
gains. The impact of climate change on rice cultivation in eastern India has
been investigated, with some studies indicating possible increases in yield.
Further, the study by Welch et al. (2010) already cited reports a similar
increase in south-eastern India. This study therefore adds to the weight of
evidence on this important issue.

The result of increased rice yields in Northern India is more puz-
zling; this is the region with among the highest average temperatures (see
Table 1) and most crop models predict reduced yields under any warming
scenario. However, this is also the region with among the highest rice yields
in India, with yields rising over a period (1970-2000) presumably along with
increased surface temperatures. The fact that the result persists with an
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econometric specification which includes year-fixed effects (but not at the
district-specific level) is quite intriguing. It is possible that what is picked up
by the specification is the district- or region-specific producitivity growth,
which we intend, in a subsequent iteration, to capture using region-specific
year fixed effects.

There is substantial prior literature for India employing crop simu-
lation models for an investigation of impacts of climate change on yields of
various crops (see for instance Mall et al. (2006b); Mall and Aggarwal (2002);
Mall et al. (2006a); Attri and Rathore (2003); Kumar and Parikh (2001);
Chatterjee (1998)). The results of such experiments have been varied, but
for the crops considered here, quite clear; most studies report minimal di-
rect impact (defined as simply an increase in daily temperatures) of climate
change on yields of major crops, including rice, grown in the kharif season,
with modest or substantial positive impacts on rice yields, in particular, for
various regions (specifically, minimal impact on Northwestern and Central
India). This is consistent with the results obtained here.

Second, most studies report significant negative impacts on crops
grown in the rabi (winter) season, primarily due to increase in night time
temperature. Our results also indicate, for the moderate scenarios consid-
ered here, substantially negative impacts on wheat vields, mostly in the
southern and Central regions, which is consistent with the results obtained
in many crop modeling efforts, and modest increases in rice yield, driven

for the most part by increases in the eastern and northern regions.

Comparison with the Mean (fixed effects panel) Regression

In order to compare the predictions obtained from a FE-QR framework with
those of a linear FE framework, we consider box plots of predicted changes
(as for the FE-QR case) in figure (7)%?. For wheat, the predicted median
impact under the two scenarios, of —3 and —7% are comparable to those
of the median, in figure (1). However, it is evident that under the reason-
able scenarios considered here, mean impacts cannot fully characterize the

substantial differences in impacts of changes in weather on yield. A similar

29Tn the interests of brevity, a table similar to the FE-QR case is not presented. It is
however available upon request
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result is seen with rice, from figure (3), i.e. that the mean regression frame-
work is not suited to characterizing the heterogeneity of impacts of (changes
in) weather on yield. The inadequacy of FE panel regression in capturing
heterogeneity in many interesting applications has been repeatedly empha-
sized in Galvao (2009), Harding and Lamarche (2009) and Powell (2009)
and this study adds to the weight of evidence.

CONCLUSIONS
This paper employed a newly developed panel data quantile regression
methodology to first estimate the relationship between current weather and
agricultural yields of the two most important food grains for India, rice and
wheat. The framework used allows a fuller exploration of the conditional
distribution of yield beyond just the conditional mean, which is the focus
of most studies. Results of the estimation, when projected onto moderate,
and almost universally accepted uniform climate change scenarios for India,
indicate a significant negative impact on wheat yields, of upto 11%, primar-
ily in Southern and Central India, with more moderate losses in the more
important Northern region. Further, these impacts were seen to be most
negative on the most productive districts, indicating losses in production

which are likely significant.

For rice, however, impacts of uniform warming of upto 2°C’ were
shown to be moderately negative, with reductions in yield (upto 3% at the
highest quantile) concentrated at the upper quantiles, or in the most pro-
ductive areas, while impacts at the lower and intermediate quantiles are
seen to be very mildly positive. This is likely to translate into a moderate
reductions in production of rice. The results here are consistent with many
estimates of changes in rice yields obtained using various crop models, un-
der a variety of climate change scenarios, as well as a recent study of rice
cultivation in Asia under irrigated conditions (Welch et al. (2010)).

These results indicate significant reduction in wheat production,
and more moderate reductions in rice production. However, given the sub-
stantial number of outliers in rice with yield losses, these estimates likely
translate into potentially substantial decreases in rice production, at least
at the local scale. In summary, this study indicates that in the absence of
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significant changes in agricultural practices and technology, climate change
is likely to lead to increases in food insecurity for India’s poor, as a result
of decreased yield at the national (or regional) level.
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APPENDIX A

PRECIPITATION MEASURES

The monsoon is, at its most basic, a large scale atmospheric phenomenon
which determines moisture availability and whose interaction with local
features determines actual local rainfall. Therefore, a definition of “onset”
of the monsoon is only climatologically meaningful at a suitable large scale,
generally much larger than a district. This is the major reason that the IMD
defines onset as occurring at a particular location on the Southwestern coast
of India (Moron and Robertson (2009) and references therein). On the other
hand, these definitions of the monsoon are completely divorced from local
rainfall and are uninformative to the farmer.

Recently, there has been renewed interest among the Climatologists
in attempting to hydrologically define onset of the monsoon for India. Fa-
sullo and Webster (2003) provide a definition of onset in terms of vertically
integrated moisture transport, which is valid only for larger regions than
considered here. Moron and Robertson (2009) provide a more local, at the
grid-level, definition of monsoon onset and provide evidence that it does
correspond to actual onset at selected locations. Their measure of onset,
at the grid-level, maybe defined simply as the first day after April 1 that
rainfall for X days exceeds a certain threshold without being followed by Y
days in succession without rainfall. The rationale for this is straightforward:
onset is a phenomenon involving rainfall on a few successive days, while the
second condition ensures that there are no “false starts™. As before, we com-
pute district-level onset from grid-level onset. Finally, in order to proxy for
substantial periods with no rainfall, we compute the number of “dry spells”
in the season, wherein a dryspell is defined as at least 7 days with rainfall
below 5mm, a very low threshold. Again, this is computed at the district

level.

APPENDIX B
DETAILS OF THE BOOTSTRAP PROCEDURE USED
For unbalanced panels, which in practice are the commonest forms of panel
data, the modifications to the time bootstrap are straightforward but alge-
braically tedious and will not be illustrated here. We will however point out
that the same method outlined above maybe applied with resampling now
being specific to each individual unit. In the absence of dependence in the
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error structure, we may simply puruse a time bootstrap. However, given
(at least in our application), the suspicion of strong dependence in both
space and time, such time-bootstrap-based inference will clearly be biased
(in uncertain directions). A general but heuristic solution, when spatial
dependence is suspected, is to use the time bootstrap and when spatial de-
pendence is suspected, to use the cross-section bootstrap (as indicated in for
instance Kapetanios (2008)). In the fixed effects quantile regression setting
it is not clear that there is any asymptotic justification for this approach to
the covariance matrix estimation (due to the lack of theoretical results on
the second order accuracy of the bootstrap).

Denoting the individual coefficients (on the covariates of interest)

B,which is of dimension K x 1, the estimated variance of the k** component

of B as 03, n = Z:V T;, the sample size, we have that the t — statistic for

the test Hy : B = 0 of the k' coefficient is:

b = Dk
seyp.
sep = “nk where, in the notation of Gongalves and White, 2005,
n

C 1. is the (k, k)™ element of the bootstrapped variance matrix C;,with
re XB: (}(3(}) . 50) (3(j) - ga)T (13)
n= <
where the pivotal values used, 3%, is the bootstrapped mean i.e.
go - L XB: B0
B —

A final point to note is that one may obtain the critical values
by bootstrapping the variance of \/nf;, an approach corresponding to the
so-called “double bootstrap”. A major drawback of this approach is the
computational burden imposed, due to which we do not pursue the ap-
proach in the present instance. The simplified “Fast Double Bootstrap” of
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Davidson and MacKinnon (2007) is likely to provide, in this case, the re-
quired improvements without the same computational burden and we leave
this approach to future research.

Note again that the validity of the above approach .including the
double bootstrap, has been analysed in detail in Gongalves and White (2005)
for the case of the cross-section regression models, and they conjecture that
the results are likely to be valid for the case of cross-sectional quantile
regression. If such is the case, then it is likely to also be valid for the case
of quantile regression for fixed-effects panel data, under slightly different
conditions.
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TABLES

Table 1: Descriptive Statistics of Regression Sample for Wheat

(rabi season).

Central [ North | Sounth West Total
Yield(kg/hectare) 1054.8 | 2056.1 | 786.1 | 1313.0 | 1551.2
(506.5) | (829.5) | (438.5) | (592.0) | (849.6)

Production(000’s of ton) 80.24 3354 7.089 84.51 193.5
(63.28) | (297.1) | (15.09) | (106.3) | (251.9)

Seasonal rainfall (mm) 88.13 105.0 185.0 67.69 102.7
(68.31) | (73.48) | (101.9) | (65.68) | (81.44)

Growing degree days (deg Celsius) | 2808.2 | 2444.1 | 3383.1 | 2845.5 | 2708.1
(217.9) | (311.5) | (164.4) | (351.3) | (417.3)

Harmful degree days(deg Celsius) 8.499 4.146 32.16 15.04 10.43
(8.898) | (5.702) | (23.50) | (14.92) | (14.70)

Average seasonal temp (deg Celsius) | 21.44 19.41 24.74 21.68 20.90
(1.233) | (1.727) | (0.993) | (1.985) | (2.353)

irr__ratio 0.407 0.849 0.596 0.673 0.692
(0.293) | (0.180) | (0.334) | (0.274) | (0.301)

Observations 911 2053 486 893 4343

Number of district 45 97 28 52 222

Note : Mean coeffeients reported, with standard deviations in parenthesis.
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Table 2: Descriptive Statistics of Regression Sample for Rice (kharif season).

Central East North South West Total
log(yield) (kg/hectare) TH8.T 1346.4 16168 21959 11437 15749
(452.2) (2646.9) (853.4) (6576.3) (856.0) (3776.2)
Produetion (000's of tonnes) 42,19 310.8 170.7 198.1 44.94 165.1
(92.41)  (255.9) (186.0) (220.4) (79.80) (208.7)
Seasonal rainfall (mm) 918.8 1328.0 TH4T 792.8 838.9 882.7
(287.1)  (528.0) (297.1) (657.4) (496.3) (531.7)
Growing degree days (deg. celsius) 2476.9 2461.7 2624.5 23326 2457.7 2469.7
(128.9) (150.2) (118.5) (287.3) (159.6) (223.2)
Harmful gdd (deg. celsius) 13.00 0.761 10.46 L.507 4.663 54572
(14.43)  (2.727)  (13.11)  (4.622) (9.841)  (10.65)
Day of monsoon onset (days from April 1) 76.39 30.12 76.47 49.65 T6.85 61.79
(15.30)  (23.24) (18.46) (31.88) (18.83) (29.58)
Dry spells (number of days) 3875 1.758 4.028 3.817 4.138 3.634
(1.302)  (1.331)  (1.372)  (1.653) (1.413)  (1.657)
Total number of dry days 64.20 41.68 T0.68 67.40 68.78 64.42
(1355)  (13.60) (14.35) (24.02) (2098) (21.13)
Longest dry spell 15.81 7.349 16.43 15.57 18.06 15.07
(5.428)  (4.429) (6.902) (8.628) (8.723) (8.121)
Average seasonal temp (deg. celsius) 28.43 28.19 29.61 27.14 28.20 28.30
(1.137)  (1.237)  (1.033) (2.367) (1.350)  (1.869)
Observations 569 872 1618 1712 1084 5855
Number of Districts 30 35 G5 60 47 237

Note : Mean coefficients reported, with standard deveation in parenthesis
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Table 3: Quantile and Linear Panel Regression with Fixed-effects for Wheat,
Using Seasonal Rainfall Data.

tau=0.25 | tau=0.5 | tau=0.75 | tau=0.9 | Linear Model |
GDD | 2.05E-03 | 1.94E-03 | 1.51E-03 | 1.41E-03 204E-03
71106} [5.08} [1.86} 71031} 16.626}
[3.862] [1.802] [1.633] [1.621]
GDD sqr | -4.79E-07 | -4.21E-07 | -3.26E-07 | -3.32E-07 -4.53E-07
{5.133} | {-5.041} | {-5.367] | {-1.493] [-7.08}

4811 | [5.032) | [5.221] | [-5.308]
Seasonal Rain | 5.03E-04 | 2.91E-04 | 6.41E-04 | 3.69E-(M 4.95E-04
{2.19} {1.88} {13.685} {1.730} {3.3}

[2.446] [1.69] [3.233] [1.976]
Seasonal rain sqr | -1.26E-06 | -9.97TE-07 | -1.74E-06 | -4.09E-07 -1.28E-06G
{1772} | {-2.483] | {-3.168] | {-0.5686} [-3.15}

[2.032] | [2.143] | [-2.698] | [-0.6852]
hgdd | -T.58E-04 | -4.10E-04 | 5.45E-05 | L.27E-03 3.TOE-04
{-0.827} [ {-0.5346} | {0.07862} | {1.419} {0.654}
[-0.7863] | [-0.5426] | [0.07665] [1.627]
Irr_ratio | 1.OOE400 | 9.75E-01 | 9.27E-01 | 7.75E-01 T.95E-01
(1483} | {1534} | {12.88] | {8.607} [22.92}
[15.25] [15.79) [11.50] [9.505]

Note : All regressions include region-specific cubic time trends and distriet fixed-effects whose
coeffeients are not reported. T-statistics for the test Ho: =0 based on the asymptotic variance
matrix({})and time bootstrap for panel data ([]) are reported.

Table 4: Quantile and Linear Panel Regression with Fixed-effect for Wheat,
Using Orthogonal Polynomials (of degree 4) for GDD.

tau=0.25 | tau=0.5 | tau=0.75 | tau=0.9 | Linear Model

Seasonal Rain | 5.08E-01 | 2.38E-04 | 5.67E-01 | 3.065-04 TSIE-01
[2.232) | {1.544) | {3.183) | {1874} [3.23]

[2.519] [1.42] 2.9] [2.124]
Seasonal rain sqr | -L29E-06 | -8.63E-0T7 | -L52E-06 | -4.82E-07 -1.26E-06
{1851} | {-2.10} | {-2.686} | {-0.6792] {-3.00}

[2118] | [-1.002] | [2447] | [0.7924]
hgdd | -8.45E-01 | -L.62E-01 | 6.85E-05 | 1.28E-03 | 3.13E-01

{-0.9137} | {-0.6013} | {-0.094653} | {1.436} 10.53}
[0.8716] | [0.597] | [0.0017] | [1.647]
Irr_ratio | LOIE+00 | 9.71E-01 | 9.22E-01 | 7.76E-01 T.95E-01
[14.097 | {15.33] | {12.32} 15757 [22.02]
[15.32] [15.75] [14.26] [9.397]

Note : Same as in Table 3.
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Table 5: Quantile and Linear Panel Regression with Fixed-effects for Rice, Using
Seasonal Rainfall Data.

Coefs tau=0.25 tau=0.5 tau=0.75 tau=0.9 linear panel

gdd -2.94e-03  -2.54e-03  -2.85e-03 -2.77e-03 -2.73e-03
[-2.4] [-3.4] [-3.4] [-2.7] [-2.6]

gdd sqr 5.59e-07  4.93e-07  5.19e-07  4.90e-07  4.36e-07
[2.2] [3.3] [3.2] [2.4] [2.1]

seasonal rain  3.03e-04  2.47e-04  1.57e¢-04  1.03e-04  3.94e-04
[5.7] (6] 3.8] 2.3] (8]

rain sqr -6.80e-08  -5.35e-08 -3.65e-08 -2.93e-08 -9.40e-08
[-5] [-5.7] [-3.6] [-3.1] [-7.2]

onset day 6.09e-04 1.99e-04  -6.41e-05  -2.72e-04 7.22e-04
[2.6] [1.1] [-0.35] [-1.5] [2.9]

dry spells -3.41e-03  -2.47e-03 -1.61e-03 -1.81e-03 -4.22e¢-03
[-4.4] [-4.1] [-2.8] [-2.8] [-5.6]

Note : Same as in Table 3.
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