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[bookmark: _Hlk23505767]Table S1  Descriptive statistics of temperature anomaly, precipitation and population–war coordinates
	
	Minimum
	Maximum
	Mean
	Standard deviation
	Coefficient of variation
	Skewness
	Kurtosis

	Temperature anomaly
	–0.510
	0.610
	0.020
	0.218
	11.055
	0.346
	–0.482

	Precipitation
	624.210
	695.070
	665.914
	10.229
	0.015
	–0.244
	0.797

	Population longitude
	107.837
	114.228
	112.252
	1.392
	0.012
	–0.496
	–0.199

	Population latitude
	31.424
	34.390
	32.788
	0.845
	0.026
	0.313
	–1.045

	Battle longitude
	74.790
	126.160
	109.655
	7.855
	0.072
	–1.300
	2.872

	Battle latitude
	21.170
	46.170
	33.589
	4.740
	0.141
	–0.205
	–0.592


N = 1907.



[bookmark: _Hlk487752311][bookmark: _Hlk23505803]Table S2a  Coordinates and distance of war center and population center for each warm and cold period
	Period (CE)
	Phase
	Battle longitude (° E)
	Battle latitude (° N)
	Population longitude (° E)
	Population latitude (° N)
	Center distance (km)

	5–125
	W1
	103.791
	36.397
	113.051
	34.104
	879.896

	126–320
	C1
	110.647
	34.246
	111.591
	33.462
	123.250

	321–440
	W2
	111.124
	35.502
	110.862
	33.654
	206.376

	441–595
	C2
	113.130
	33.841
	111.457
	34.210
	159.865

	596–765
	W3
	106.314
	36.898
	109.970
	32.849
	559.771

	766–950
	C3
	109.695
	33.999
	111.225
	32.837
	191.998

	951–1120
	W4
	108.742
	35.163
	111.544
	32.369
	404.210

	1121–1205
	C4
	111.518
	30.900
	112.516
	32.515
	202.530

	1206–1330
	W5
	112.168
	30.282
	113.494
	32.323
	259.174

	1331–1490
	C5
	111.698
	31.462
	114.003
	31.770
	221.325

	1491–1615
	W6
	112.478
	35.078
	114.108
	32.533
	320.116

	1616–1705
	C6
	113.020
	31.065
	113.101
	32.224
	128.636

	1706–1790
	W7
	101.370
	31.641
	113.391
	31.808
	1138.924

	1791–1911
	C7
	107.728
	29.836
	113.553
	31.528
	588.672





Table S2b  Coordinates and distance of war center and population center for each wet and dry interval
	Period (CE)
	Phase
	Battle longitude (° E)
	Battle latitude (° N)
	Population longitude (° E)
	Population latitude (° N)
	Center distance (km)

	5–249
	WP1
	106.916
	35.482
	112.590
	33.845
	550.809

	250–685
	D1
	111.076
	35.118
	110.718
	33.585
	173.121

	686–1041
	WP2
	108.633
	34.861
	111.067
	32.737
	325.971

	1042–1262
	D2
	110.504
	32.586
	112.505
	32.483
	188.341

	1263–1483
	WP3
	112.016
	30.374
	113.954
	31.894
	250.056

	1484–1911
	D3
	108.969
	32.066
	113.597
	32.034
	437.071



Granger causality analysis (GCA)

1. Background

In 2003, Sir Clive William John Granger was awarded with the Nobel Memorial Prize in Economic Sciences, in recognition of his contributions to the discoveries in the analysis of time-series data, which fundamentally changes economic study on the data of time. GCA is one of his brilliant achievements and was emphasized in his prize speech (Granger 2003). Although GCA stems from economics, it has also been widely used in the empirical research of politics (Umez 1993), psychology (Sobel 1995), sociology (Walker and Jackson 2007; Lin and Ali 2009), medicine (Florin et al. 2008), biology (Fujita et al. 2010), and so on.

2. Theoretical calculation process

Granger’s notion of causality is that ‘Yt is causing Xt if we are better able to predict Xt using all available information than if the information apart from Yt had been used’ (Granger 1969). His definition of probabilistic causality is based on two important principles: (1) the cause must precede the effect; and (2) the causal series should contain special information to the series being caused (Granger 1988). He proposed a two-variable causal model for two stationary time series, Xt and Yt, with zero means (Granger 1969):
                                              (S1)
where a and b are the coefficients of the time series. j is the data of the time series at time point j, and m denotes the length of the time series that is set based on lag.  represents the residue and t is the time step.
The stationarity of time series will be checked by the Augmented Dickey–Fuller (ADF) test before implementing GCA. In this test, the lagged difference terms of the dependent variable Y are added to the right-hand side of the regression to control higher-order correlation, which can be written as the following equation (Agung 2009):
                            (S2)
here
                                                              (S3)
where β, δ are the coefficients of the time series. p is the data of the time series at time point p. D means differencing.  is the residue and t is the time step. The null hypothesis of the time series Yt is that it has a unit root, i.e., H0: δ = 0. If the p-value in the unit root test passes the significance level (in this study, 0.05), then the null hypothesis is rejected and the time series is regarded as stationary; otherwise, differencing will be used to transform the time series into stationary ones (Ahmad and Harnhirun 1996; Thornton 2001).
The maximum lag in the ADF test can be chosen based on the following formula (Hayashi 2000), which is also adopted by EViews as a default:
                                                   (S4)
where T denotes sample size and int means integer.
After performing the ADF test on the stationarity status of each data series, the lag length for GCA will be selected. The lag length are determined according to: (1) the theoretical and empirical knowledge of the relationships under examination (apparently instantaneously causal); or (2) statistical criterion (Saunders 1988). On the one hand, when the lag length for GCA is set according to the theoretical and empirical knowledge, then theory, belief, and other common senses (extra knowledge) about the hypothesized causal relationship should be taken into account. On the other hand, when the lag length for GCA is set according to statistical criterion, commonly, Akaike’s information criterion (AIC) is adopted as the statistical criterion to determine the appropriate lag length (Akaike 1974):
                                         (S5)
where L is the maximum likelihood achieved by the model, and m is the number of parameters in the model. mmax represents the maximum lag, which can be chosen based on Formula S4. We could obtain m for the AIC lag in the ADF test and then apply m to set the lag for GCA in Formula S1.

3. ADF test results and lag selections

Table S3  Augmented Dickey–Fuller test in Granger causality analysis
	Time series
	Prob.
	Difference level

	TEMPERATURE
	0.004
	No difference

	PRECIPITATION
	0.013
	No difference

	POPULATION LONGITUDE
	0.025
	No difference

	POPULATION LATITUDE
	0.000
	No difference

	BATTLE LONGITUDE
	0.000
	No difference

	BATTLE LATITUDE
	0.000
	No difference



Table S4  Time lag in Granger causality analysis
	[bookmark: _Hlk43734271]Null hypothesis
	AIC lag

	TEMPERATURE does not Granger Cause POPULATION LONGITUDE
	1

	TEMPERATURE does not Granger Cause POPULATION LATITUDE
	1

	TEMPERATURE does not Granger Cause BATTLE LONGITUDE
	7

	TEMPERATURE does not Granger Cause BATTLE LATITUDE
	19

	PRECIPITATION does not Granger Cause POPULATION LATITUDE
	1

	PRECIPITATION does not Granger Cause BATTLE LATITUDE
	19

	POPULATION LATITUDE does not Granger cause BATTLE LATITUDE
	19

	BATTLE LATITUDE does not Granger cause POPULATION LATITUDE
	1



The crucial question of this study is to figure out the causation between population center and war center in imperial China. Since population longitude is not correlated with battle longitude (r = 0.03 merely) but their latitudinal components are significantly and positively correlated (r = 0.272, p < 0.01), we can further conduct GCA to see whether the movement of population latitude precedes that of battle latitude, or vice versa. Tables S3 and S4 show the ADF test results and the AIC time lags, respectively.
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