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APPENDIX A: EXTREME WEATHER MONTHS
Table A1 reports sample years (1914-1933) and months that fall under one of the extreme weather categories. The years 1925, 1926, and 1930 experienced one of the ten hottest Februarys on record. January 1932 was one of the ten wettest Januarys on record.

	Table A1

	Extreme weather months by type of weather extreme and year of extreme realization

	
	
	
	
	

	
	Hottest
	Coldest
	Wettest
	Driest

	January
	
	
	1932
	

	February
	1925, 1926, 1930
	
	
	1918

	March
	1921
	1915
	1922, 1927
	1915, 1925

	April
	1915, 1929
	1926, 1928
	1920, 1927
	1915, 1925

	May
	
	1923, 1931
	1930
	1917, 1918, 1928

	June
	
	
	1922
	1924, 1925, 1929, 1933

	July
	1930, 1932
	
	
	1924, 1927, 1930

	August
	1928
	
	1917, 1923, 1927
	1930, 1932

	September
	1921, 1925, 1926
	
	1934
	1931

	October
	1926, 1928
	
	1919, 1925
	1924

	November
	1921
	1926
	1919
	1916, 1917, 1924, 1933

	December
	1922, 1923, 1931, 1933
	
	1923, 1926, 1931
	

	
	
	
	
	

	Notes: The table reports the years in which each month is one of the top ten months on records in each category. January 1932, for example, is one of the wettest months on record between 1893 and 2024. February 1918 is one of the driest months on record over the same period.

	Source: NOAA (2025b). 



I use the data on extreme weather months in the regressions reported in Column (4) of Table 2 in the main text. Each extreme weather category enters as a binary variable equal to one for the relevant month/year, and zero otherwise. Thus, the extreme cold variable equals one for March 1915, April 1926 and 1928, May 1923 and 1931, and November 1926. For all other months/years the variable equals zero. The extreme weather variables are included to explore whether an extended period of extreme weather leads to a change in the number of daily arrests, after controlling for within-month daily observations.



APPENDIX B: CORRELATION MATRIX OF PRINCIPAL VARIABLES


	Table B1

	Correlations between arrests and weather-related measures

	
	
	
	
	
	
	
	

	
	Arrests
	Daily high
	Daily precipitation
	Monthly rain surplus
	Hottest
	Coldest
	Wettest

	
	(#/day)
	(ºF)
	(inches)
	(inches)
	(top ten)
	(top ten)
	(top ten)

	Daily high
	0.052
	
	
	
	
	
	

	
	(0.004)
	
	
	
	
	
	

	Daily precipitation
	-0.013
	-0.09
	
	
	
	
	

	
	(0.367)
	(0.000)
	
	
	
	
	

	Monthly rain surplus
	-0.041
	-0.158
	0.198
	
	
	
	

	
	(0.006)
	(0.000)
	(0.000)
	
	
	
	

	Hottest
	0.069
	0.047
	-0.027
	-0.092
	
	
	

	
	(0.000)
	(0.002)
	(0.068)
	(0.000)
	
	
	

	Coldest
	-0.007
	-0.069
	0.004
	0.015
	-0.051
	
	

	
	(0.641)
	(0.000)
	(0.808)
	(0.322)
	(0.001)
	
	

	Wettest
	0.021
	0.014
	0.042
	0.161
	-0.084
	-0.049
	

	
	(0.150)
	(0.329)
	(0.004)
	(0.000)
	(0.001)
	(0.001)
	

	Driest
	0.003
	0.097
	-0.039
	-0.182
	0.064
	-0.053
	-0.087

	
	(0.869)
	(0.000)
	(0.009)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	
	
	
	
	
	
	
	

	Notes: Cells report Pearson correlation coefficients. P-values in parentheses. Monthly rain surplus is difference between monthly realizations and long-run monthly average. Hottest, coldest, direst, and wettest are binary variables equal to one if the month in question is one of the ten hottest, coldest, wettest or driest on record. 

	Sources: Greenville County Sheriff's Office (2025), NOAA (2025a), NOAA (2025b).



Appendix Table B1 reports a correlation matrix for the daily high temperatures and covariates, with the first column being the one of interest. The correlations between daily arrests and high temperatures (0.069) and months of extreme heat (0.065) are statistically significant (p ≤ 0.004). The correlation coefficient of 0.069 points to a preliminary presumption of a positive, potentially linear relationship between daily high temperatures and daily arrests, but the presence of some substantial outliers at low temperatures (evident in Figure 4) and the modest correlation suggest that we should remain cautious in drawing conclusions pending more rigorous analysis using the daily count data and count data models.  The correlation between daily arrests and precipitation (-0.013) is small and insignificant (p = 0.37). It is notable, however, that the correlation between daily arrests and monthly rain surplus (-0.041) is statistically significant (p = 0.006). Months that experience above–normal rainfall are months that witness fewer daily arrests, and vice versa. The much smaller correlation between arrests and daily precipitation, but the larger correlation between arrests and deviations in monthly precipitation from its long-run average suggests that criminal and police activities may be relatively unresponsive to daily rain events, but relatively elastic relative to persistent periods of above or below average rainfall.





APPENDIX C: ARRESTS BY CRIME TYPE, RACE AND GENDER:
BASELINE RESULTS INCLUDING YEAR FIXED EFFECTS RATHER THAN DROUGHT, RECESSION, WAR AND FLU DUMMY VARIABLES


	Table C1

	Daily high temperatures and arrests by crime type

	 
	(1)
	(2)
	(3)
	(4)

	VARIABLES
	Violent
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 

	Daily high ºF
	1.006
	1.003
	1.002
	1.006*

	
	(0.003)
	(0.003)
	(0.003)
	(0.003)

	Precipitation (inches)
	1.039
	1.068
	0.987
	0.923

	
	(0.065)
	(0.067)
	(0.069)
	(0.055)

	Monthly rain surplus
	0.987
	1.003
	0.973*
	1.005

	
	(0.011)
	(0.012)
	(0.011)
	(0.010)

	Constant
	0.361*
	0.604*
	0.507*
	0.503*

	
	(0.080)
	(0.129)
	(0.108)
	(0.087)

	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes

	Year FE
	Yes
	Yes
	Yes
	Yes

	
	
	
	
	

	ln(α)
	0.627*
	1.203*
	1.187*
	0.261*

	
	(0.074)
	(0.080)
	(0.078)
	(0.044)

	
	
	
	
	

	Observations
	4,567
	4,567
	4,567
	4,567

	Notes: Dependent variable is daily count of offenses. Incidence rate ratios from negative binomial regressions with robust standard errors in parentheses. * *p<0.10 Holm’s (1979) FWER corrected tests.

	Sources: Author’s calculations from Greenville County (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).




	Table C1 reports the results of four negative binomial regressions in which the dependent variable is the number of daily arrests by crime category. Unlike the incidence rate ratios reported in Table 4 and Table 5 in the main text, these regressions include year fixed effects rather than the binary controls for First World War, Recessions, Drought, and Spanish Flu. I do not include year fixed effects with the four macro-event binary variables because some of the events span more than one year and the statistical package drops those years from the fixed effects results. The incidence rate ratios (IRR) on daily high temperatures, daily rainfall and monthly rain surplus are nearly the same in the four regressions. The IRR on daily high temperature for Violent offenses (Column 2 of Table 4 in the main text and Column 1 of Table C1) are equal to 1.006 in each regression, which means that a 1ºF increase in daily high temperature leads to a 0.6% increase in daily arrests for violent incidents. The IRRs are nearly the same for the remaining principal variables, as well. 

	Table C2 

	Daily high temperatures and arrests by offender race and gender

	 
	(1)
	(3)
	(5)
	(7)

	VARIABLES
	White
	Black
	Male
	Female

	 
	 
	 
	 
	 

	Daily high ºF
	1.003
	1.008*
	1.005*
	1.006

	
	(0.002)
	(0.002)
	(0.002)
	(0.004)

	Precipitation (inches)
	1.025
	0.996
	1.029
	0.960

	
	(0.045)
	(0.052)
	(0.037)
	(0.078)

	Monthly rain surplus
	0.986
	0.996
	0.992
	0.982

	
	(0.007)
	(0.009)
	(0.006)
	(0.013)

	Constant
	1.289*
	0.785
	1.736*
	0.288*

	
	(0.172)
	(0.133)
	(0.197)
	(0.074)

	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes

	Year FE
	Yes
	Yes
	Yes
	Yes

	
	
	
	
	

	ln(α)
	0.477*
	0.631*
	0.318*
	1.284*

	
	(0.028)
	(0.045)
	(0.020)
	(0.116)

	
	
	
	
	

	Observations
	4,471
	4,471
	4,481
	4,481

	Notes: Dependent variable is daily count of offenses. Incidence rate ratios from negative binomial regressions with robust standard errors in parentheses. *p<0.10 Holm’s (1979) FWER corrected tests.

	Sources: Author’s calculations from Greenville County (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).



	Table C2 replicates the results reported in Table 5 in the main text, except that it uses year fixed effects rather than the binary controls for the four macro-events. Daily arrests for whites are relatively unresponsive to changes in the daily high temperature. Daily arrests of Blacks, men, and women, however, are positively related to daily high temperatures. The IRRs for the daily temperature by these three groups of offenders are nearly identical in Table 5 and Table C2. 


APPENDIX D: NUMBER OF OFFICERS AND DAYS MISSED


[image: A graph with numbers and a line
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Figure D1
Number of officers and unexplained days absent, 1918-1921

Notes:
Source: Author’s calculations from Greenville Police Department (1918-1921). 


Figure D1plots the number of days of unexplained absences among Greenville City’s police force. The lone extent payroll book has a separate page for each month between November 1918 and December 1921. Each page lists officers in the first column with subsequent columns for each day of the month. The hour of ach officer’s starting shift appears in the row/column cells. Some cells are blank, which are interpreted as scheduled time off. In the third wave of the flu (November 1918 through March 1919) and he fourth wave (October 1919 through April 1920), days missed due to sickness are identified as such, and the cells for days missed are either left blank or have a line (“—“) through them, sometime with the word “sick” sometimes not. Beginning with January 1919, some cells are blank and some note vacation days. Most of the vacation days are taken in July and August. Figure D1 plots the number of blank cells or cells with lines through them, which are interpreted as unscheduled days missed.

APPENDIX E: ROBUSTNESS AND PLACEBO TEST TABLES

Displacement and lagged effects
Connelly (2003) finds that for modern office work rainy days lead to time shifting of the labor-leisure tradeoff. Workers work more on rainy days and less on subsequent sunny days. For people whose jobs keep them outdoors, the effect may be reversed. Police officers walking a beat work outdoors and several types of offenses observed in the data take place outdoors, at least in part. A related issue then is whether uncomfortable temperatures lead to the time shifting of crime and arrests. If burglars or larcenists, for example, have target values for theft (i.e., utility maximizing dollar values) over some medium-term window such as a week or a month and choose to avoid stealing or burglarizing on especially hot or cold days, they may shift their offending to subsequent days. In the case of police officers, working outdoors without effective mitigation on hot days may cause physical or mental fatigue or illness, which may lead to lower productivity or greater absenteeism on days after exposure to heat and fewer arrests. But if arrests respond positively to crime, displacement effects among offenders will lead to apparent displacement effects for arrests. 
Tests for displacement explore whether an event that would have occurred in the future is triggered earlier by random variations in daily high temperatures and precipitation. To test for any potential displacement effects, I include up to seven daily lags of daily high temperature and daily precipitation, controlling for the same factors as in the previous analyses. Point estimates on lagged daily highs are interpreted as the effect of temperature on day t-k on arrests on day t. If there are significant effects on contemporaneous temperature or precipitation and insignificant effects on lagged values, there is no evidence of displacement (Baysan et al. 2019). Insignificant lags mean that the best predictor of arrests on day t is temperature or precipitation on day t. 
The results are reported in Supplemental Online Appendix Table E1. Column (1) reports incidence rate ratios for all offenses when current and lagged daily high temperatures enter in linear form. The current daily high temperature leads to a 0.04% increase in total arrests, and the effects is comparable in magnitude to that found without including lagged effects. Some of the IRRs on the lagged are greater than one (positive effect) and some are less than one (negative effect) none are statistically significant. The Wald test statistic for joint significance of all lag effects on daily high temperatures is insignificant. The regressions include seven lags of precipitation in addition to the contemporaneous effect. The lagged effects are neither individually nor jointly significant. 


	Table E1

	Displacement effects
Daily high temperatures, precipitation and arrests

	 
	(1)
	(2)
	(3)
	(4)
	(5)

	VARIABLES
	All offenses
	Violent
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 
	 

	Daily high ºF
	1.004
	1.008
	1.001
	0.999
	1.008*

	
	(0.002)
	(0.004)
	(0.004)
	(0.004)
	(0.003)

	Daily high (-1)
	1.002
	0.994
	1.002
	1.009
	0.999

	
	(0.002)
	(0.005)
	(0.004)
	(0.005)
	(0.004)

	Daily high (-2)
	0.998
	1.004
	1.004
	0.991
	0.998

	
	(0.002)
	(0.005)
	(0.004)
	(0.005)
	(0.004)

	Daily high (-3)
	1.003
	1.002
	1.005
	1.002
	1.002

	
	(0.002)
	(0.005)
	(0.004)
	(0.004)
	(0.004)

	Daily high (-4)
	0.999
	0.994
	0.993
	1.005
	0.998

	
	(0.002)
	(0.005)
	(0.004)
	(0.004)
	(0.004)

	Daily high (-5)
	1.001
	1.005
	1.001
	1.000
	1.001

	
	(0.002)
	(0.004)
	(0.004)
	(0.004)
	(0.004)

	Daily high (-6)
	1.000
	1.002
	1.001
	0.997
	1.000

	
	(0.002)
	(0.004)
	(0.004)
	(0.004)
	(0.004)

	Daily high (-7)
	1.000
	1.000
	1.004
	0.999
	0.998

	
	(0.002)
	(0.004)
	(0.004)
	(0.004)
	(0.003)

	Precipitation (inches)
	1.023
	1.042
	1.070
	0.981
	0.936

	
	(0.035)
	(0.065)
	(0.067)
	(0.069)
	(0.056)

	Precipitation (-1)
	0.993
	0.988
	0.967
	1.040
	0.967

	
	(0.033)
	(0.061)
	(0.062)
	(0.071)
	(0.059)

	Precipitation (-2)
	1.046
	1.037
	1.087
	0.971
	1.123

	
	(0.041)
	(0.079)
	(0.083)
	(0.067)
	(0.062)

	Precipitation (-3)
	1.055*
	1.088
	1.114
	1.045
	1.026

	
	(0.034)
	(0.070)
	(0.075)
	(0.066)
	(0.063)

	Precipitation (-4)
	0.989
	1.000
	1.013
	0.957
	1.034

	
	(0.033)
	(0.065)
	(0.076)
	(0.062)
	(0.063)

	Precipitation (-5)
	0.978
	0.977
	0.947
	1.033
	0.881

	
	(0.035)
	(0.063)
	(0.063)
	(0.073)
	(0.057)

	Precipitation (-6)
	1.046
	1.007
	1.055
	1.106
	1.028

	
	(0.036)
	(0.066)
	(0.093)
	(0.073)
	(0.059)

	Precipitation (-7)
	1.043
	0.998
	1.107
	0.992
	1.118*

	
	(0.034)
	(0.063)
	(0.072)
	(0.063)
	(0.063)

	Monthly rain surplus
	0.985
	0.983
	0.998
	0.969*
	0.999

	
	(0.006)
	(0.012)
	(0.012)
	(0.012)
	(0.011)

	Constant
	1.921*
	0.299*
	0.384*
	0.541*
	0.561*

	
	(0.288)
	(0.092)
	(0.107)
	(0.155)
	(0.138)

	
	
	
	
	
	

	High lags Wald p value
	0.877
	0.635
	0.147
	0.314
	0.974

	Rain lags Wald p value
	0.274
	0.941
	0.278
	0.755
	0.065

	
	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Year FE
	Yes
	Yes
	Yes
	Yes
	Yes

	
	
	
	
	
	

	Lnalpha
	0.305*
	0.599*
	1.155*
	1.109*
	0.250*

	
	(0.017)
	(0.071)
	(0.077)
	(0.069)
	(0.044)

	
	
	
	
	
	

	Observations
	4,399
	4,399
	4,399
	4,399
	4,399

	Notes: Dependent variable is daily count of arrests. Incidence rate ratios from negative binomial regressions with robust standard errors in parentheses. Daily high lags Wald and Rain lags Wald are p-values of χ2 tests of joint coefficient significance. Seven lags of precipitation are included in the regression but not reported. *p<0.10 Holm’s (1979) FWER corrected tests.

	Sources: Author’s calculations from Greenville County (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).





Robustness: Week of the year rather than month fixed effects
	Column (1) of Appendix Table E2 reports estimated incidence rate ratios for daily arrests for all offenses, as well as the four categories of offenses controlling for week of the year fixed effects rather than month of the year fixed effects. It may be that Carolinians’ expectations were more nuanced than random within-month realizations capture. Rather, they may have expected the last week in July to be hotter than the first week. Week of the year controls for such expectations. 
The results reveal that precipitation has no significant effect on arrests. For all arrests a 1ºF increase in daily high temperature increases the number of all–offense arrests by 0.4%, compared to 0.5% when the regressions control for month fixed effects. Temperature effects on individual crime categories are the same size, but less significant than the within–month regressions. An additional inch of rain in a month reduces public order offenses by 2.5%, which is the same as when controlling for month fixed effects. The number of Cheats arrests increases by 17.8% during droughts, compared to 9.9% for within–month effects. Arrests in all crime categories decline during recessions and the Spanish flu. All Most of the other within-week effects are comparable to the within-month effects. Arrests for all offenses except public order offenses decline. Public order offenses increase by 22.8%. 
The base results reported in Table 4 in the main text are robust to controlling for within-week rather than within-month effects.

	Table E2

	Daily high temperatures and arrests, within-week results

	 
	(1)
	(2)
	(3)
	(4)
	(5)

	VARIABLES
	All offenses
	Violent
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 
	 

	Daily high ºF
	1.004*
	1.005
	1.003
	1.000
	1.004

	
	(0.002)
	(0.003)
	(0.003)
	(0.003)
	(0.003)

	Precipitation (inches)
	1.021
	1.041
	1.060
	0.996
	0.905

	
	(0.035)
	(0.062)
	(0.065)
	(0.071)
	(0.055)

	Monthly rain surplus
	0.989
	0.985
	1.002
	0.974*
	1.008

	
	(0.005)
	(0.011)
	(0.011)
	(0.010)
	(0.010)

	Drought (0/1)
	0.999
	0.981
	0.965
	1.087
	1.178*

	
	(0.029)
	(0.056)
	(0.055)
	(0.061)
	(0.056)

	Recession (0/1)
	0.929*
	0.970
	0.964
	0.927
	0.856*

	
	(0.026)
	(0.054)
	(0.055)
	(0.051)
	(0.042)

	First World War (0/1)
	0.823*
	0.740*
	0.758*
	1.228*
	0.430*

	
	(0.031)
	(0.054)
	(0.052)
	(0.081)
	(0.032)

	Spanish flu (0/1)
	0.765*
	0.787*
	0.769*
	0.872
	0.382*

	
	(0.031)
	(0.061)
	(0.059)
	(0.070)
	(0.036)

	Constant
	2.167*
	0.343*
	0.676
	0.478*
	0.562*

	
	(0.265)
	(0.088)
	(0.158)
	(0.118)
	(0.123)

	
	
	
	
	
	

	Day of Week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Month FE
	No
	No
	No
	No
	No

	Year FE
	No
	No
	No
	No
	No

	
	
	
	
	
	

	ln(α)
	0.321*
	0.581*
	1.176*
	1.213*
	0.315*

	
	(0.017)
	(0.073)
	(0.078)
	(0.073)
	(0.047)

	
	
	
	
	
	

	Observations
	4,413
	4,413
	4,413
	4,413
	4,413

	Notes: Dependent variable is daily count of arrests. Incidence rate ratios from negative binomial regressions. Regressions include day of the week and week of the year fixed effects. Regressions do not include month or year fixed effects. *p<0.10 Holm’s (1979) FWER corrected tests.

	Sources: Author’s calculations from data in Greenville (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b). 






Robustness: Daily low temperatures rather than daily high temperatures
Perhaps it is not the late afternoon heat that drives arrests. Perhaps it is long hot nights that set people on edge, put them in sour moods, and make them more aggressive. The correlation between daily high and low temperatures is 0.91 (p<0.001), however, so that the finding a differential effect is unlikely. Appendix Table E3 reports all–offense and individual category arrests using daily low rather than daily high temperatures as the principal regressor of interest. The relative risks mirror those reported in Table 4, except property arrests increase by a statistically significant 0.8%. It is implausible that uncomfortably warm overnight lows differentially affect the psychological–physiological mechanisms underlying violence, but the property effect may be consistent with the Routine Activities hypothesis (Cohn 1990). When the weather is uncomfortably warm, householders without climate control systems may spend more time outdoors away from home, which makes their homes more appealing targets for burglars. 
An inch of above average rain in the month reduces public order offenses by 2.4%. Droughts increase Cheats by 17.3%. Recessions and the Spanish flu periods witness notably fewer arrests. After controlling for daily low temperatures, public order offenses increase by 23.3% during the First World War, but all other offenses decline. All–offense arrests, for example, decline by 15.9% and arrests for violent act decline by 24.1%. Young men – those most prone to violence – went off to western front; prostitutes worked Camp Sevier, while others ran gambling dens for soldiers or sold them illegal liquor. Employment opportunities and higher wages during the war led to a 55.8% decline in Cheats compared to non-war periods. 
Except for property offense arrests, the base results reported in Table 4 are robust to controlling for within-week rather than within-month effects.
 



	Table E3

	Daily low temperatures and arrests

	 
	(1)
	(3)
	(5)
	(7)
	(9)

	VARIABLES
	All offenses
	Violent
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 
	 

	Daily low ºF
	1.004*
	1.004
	1.008
	1.000
	1.006

	
	(0.002)
	(0.003)
	(0.003)
	(0.004)
	(0.003)

	Precipitation (inches)
	0.999
	1.017
	1.038
	0.980
	0.897

	
	(0.034)
	(0.063)
	(0.064)
	(0.070)
	(0.055)

	Monthly rain surplus
	0.989*
	0.984
	1.003
	0.976*
	1.006

	
	(0.005)
	(0.011)
	(0.011)
	(0.011)
	(0.010)

	Drought (0/1)
	0.997
	0.986
	0.966
	1.078
	1.173*

	
	(0.029)
	(0.058)
	(0.056)
	(0.061)
	(0.056)

	Recession (0/1)
	0.928*
	0.973
	0.962
	0.918
	0.852*

	
	(0.026)
	(0.055)
	(0.055)
	(0.052)
	(0.042)

	First World War (0/1)
	0.841*
	0.759*
	0.786*
	1.233
	0.442*

	
	(0.032)
	(0.057)
	(0.056)
	(0.084)
	(0.033)

	Spanish flu (0/1)
	0.756*
	0.784
	0.765
	0.867
	0.376*

	
	(0.031)
	(0.062)
	(0.060)
	(0.071)
	(0.035)

	Constant
	2.270*
	0.351*
	0.626*
	0.454*
	0.635*

	
	(0.182)
	(0.059)
	(0.095)
	(0.074)
	(0.086)

	
	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Year FE
	No
	No
	No
	No
	No

	
	
	
	
	
	

	lnalpha
	0.330*
	0.642*
	1.208*
	1.240*
	0.334*

	
	(0.017)
	(0.075)
	(0.079)
	(0.074)
	(0.048)

	
	
	
	
	
	

	Observations
	4,412
	4,412
	4,412
	4,412
	4,412

	Notes: Dependent variable is daily count of arrests. Incidence rate ratios from negative binomial regressions. Regressions include overnight low temperatures rather than daily high temperatures as the principal regressor. Regressions do not year fixed effects. * p-value <0.10.

	Sources: Author’s calculations from data in Greenville (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).






Placebo test: one-year lags of daily high and precipitation
The first placebo test includes one-year lags of daily high temperature and precipitation, in addition to the additional controls included in Table 4. One-year lags test whether people have long memories about weather in that do they anticipate the same weather conditions in the current year to realizations one year earlier. If they develop expectations and engage in criminal actions based on previous weather, arrests in the current year will be related to earlier weather.  The results are reported in Appendix Table E4. The relative risks of one-year lag of daily high temperatures are less than 0.02% and are insignificant for all offenses and for the four categories of offenses. The estimated relative risks for one-year lags of precipitation are larger than for lagged temperatures (-9.1% to +5.5%) but they too are insignificant. 




	Table E4

	Daily high temperatures and arrests
One-year lags of daily high and precipitation

	 
	(1)
	(3)
	(5)
	(7)
	(9)

	VARIABLES
	All offenses
	Violence
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 
	 

	Daily high ºF (one year lag)
	0.998
	0.997
	0.999
	0.997
	1.002

	
	(0.001)
	(0.002)
	(0.002)
	(0.002)
	(0.002)

	Precipitation (one year lag)
	0.989
	0.991
	1.055
	0.973
	0.909

	
	(0.037)
	(0.060)
	(0.067)
	(0.073)
	(0.056)

	Monthly rain surplus
	0.992
	0.980
	1.004
	0.980
	1.007

	
	(0.006)
	(0.012)
	(0.012)
	(0.011)
	(0.010)

	Drought (0/1)
	1.025
	0.992
	0.994
	1.135*
	1.238*

	
	(0.033)
	(0.060)
	(0.061)
	(0.066)
	(0.062)

	Recession (0/1)
	0.923*
	0.969
	0.966
	0.914
	0.853*

	
	(0.026)
	(0.055)
	(0.056)
	(0.051)
	(0.042)

	First World War (0/1)
	0.917*
	0.865
	0.802*
	1.398*
	0.578*

	
	(0.041)
	(0.081)
	(0.070)
	(0.115)
	(0.053)

	Spanish flu (0/1)
	0.738*
	0.747*
	0.774*
	0.838*
	0.357*

	
	(0.032)
	(0.061)
	(0.062)
	(0.072)
	(0.033)

	Constant
	2.996*
	0.490*
	0.936
	0.549*
	0.675*

	
	(0.273)
	(0.095)
	(0.166)
	(0.108)
	(0.107)

	
	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Year FE
	No
	No
	No
	No
	No

	
	
	
	
	
	

	ln(α)
	0.304*
	0.611*
	1.176*
	1.203*
	0.327*

	
	(0.017)
	(0.075)
	(0.081)
	(0.075)
	(0.048)

	
	
	
	
	
	

	Observations
	4,048
	4,048
	4,048
	4,048
	4,048

	Notes: Dependent variable is daily count of offenses. Table reports incidence rate ratios (relative risks) from negative binomial regressions with robust standard errors in parentheses. Drought is a binary variable equal to one if month/year = 10/1924 – 12/1927 and 1/1930 – 12/1933, and zero otherwise. Recession dates based on NBER (2025) business cycle dating. First World War dates equal one month/year = 8/1914 – 11/1918, or the entire period of fighting on the western front, and zero otherwise. Spanish flu equals one if month/year =2/1918 – 4/1920, and zero otherwise.

	Sources: Author’s calculations from Greenville County (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).






Placebo test: one-year leads of daily high and precipitation
The second placebo test replaces contemporaneous daily high temperatures and precipitation with one-year leads of those variables. Any such anticipatory behavior – contemporaneous arrests based on weather one year hence – would violate the central identification assumption. The results are reported in Appendix Table E5. The estimated relative risks on all offenses is 0.01%, which is insignificant. The relative risks on the individual offense categories vary between -0.01% and 0.03%, and all are insignificant. The relative risks on precipitation are larger (-0.55% to +9.3%), but all are insignificant. 




	Table E5

	Daily high temperatures and arrests
One year leads of daily high temperatures and precipitation

	 
	(1)
	(2)
	(3)
	(4)
	(5)

	VARIABLES
	All offenses
	Violence
	Property
	Public order
	Cheats

	 
	 
	 
	 
	 
	 

	Daily high ºF (one year lead)
	1.001
	1.001
	1.000
	1.003
	0.999

	
	(0.001)
	(0.002)
	(0.002)
	(0.003)
	(0.002)

	Precipitation (one year lead)
	1.036
	1.093
	1.078
	1.015
	0.945

	
	(0.037)
	(0.068)
	(0.080)
	(0.067)
	(0.055)

	Monthly rain surplus
	0.990
	0.978
	1.011
	0.977*
	1.000

	
	(0.006)
	(0.011)
	(0.012)
	(0.011)
	(0.010)

	Drought (0/1)
	1.019
	0.975
	0.974
	1.122
	1.248*

	
	(0.031)
	(0.060)
	(0.059)
	(0.066)
	(0.062)

	Recession (0/1)
	0.893*
	0.949
	0.934
	0.870*
	0.814*

	
	(0.026)
	(0.055)
	(0.055)
	(0.050)
	(0.041)

	First World War (0/1)
	0.797*
	0.738*
	0.748*
	1.159*
	0.412*

	
	(0.030)
	(0.055)
	(0.053)
	(0.078)
	(0.031)

	Spanish flu (0/1)
	0.758*
	0.789*
	0.780*
	0.855
	0.379*

	
	(0.031)
	(0.062)
	(0.062)
	(0.069)
	(0.036)

	Constant
	2.595*
	0.359*
	0.756
	0.407*
	0.848

	
	(0.257)
	(0.079)
	(0.147)
	(0.082)
	(0.144)

	
	
	
	
	
	

	Day of week FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Month FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Year FE
	No
	No
	No
	No
	No

	
	
	
	
	
	

	ln(α)
	0.319*
	0.631*
	1.179*
	1.218*
	0.321*

	
	(0.018)
	(0.079)
	(0.082)
	(0.074)
	(0.049)

	
	
	
	
	
	

	Observations
	4,050
	4,050
	4,050
	4,050
	4,050

	Notes: Dependent variable is daily count of offenses. Table reports incidence rate ratios (relative risks) from negative binomial regressions with robust standard errors in parentheses. Drought is a binary variable equal to one if month/year = 10/1924 – 12/1927 and 1/1930 – 12/1933, and zero otherwise. Recession dates based on NBER (2025) business cycle dating. First World War dates equal one month/year = 8/1914 – 11/1918, or the entire period of fighting on the western front, and zero otherwise. Spanish flu equals one if month/year =2/1918 – 4/1920, and zero otherwise.

	Sources: Author’s calculations from Greenville County (S.C.) Sheriff (1914-1933); NOAA (2025a); NOAA (2025b).
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