Supplementary materials

Testing the effect of window size
We evaluated the effect of window size by rerunning the analyses for windows ranging from 20 to 276 days, corresponding to approximately 0.5% to 14% of the full time series prior to each observed surge or non-surge. See Table 6 below for the results. Each model included the autocorrelation (ACF1) and standard deviation (SD) of anger expressions, along with a control for days since the previous surge. Window sizes ranged from 0.5% to 14% of the time series (20 to 276 days). Across all windows, higher SD and lower ACF1 were consistently associated with an increased proximity to a surge, and the control variable showed a stable negative effect. Model fit, as indexed by R², generally improved with larger window sizes. Larger window sizes tend to capture broader trends and reduce noise, allowing for more stable estimation of early warning signals, which likely accounts for their higher explained variance in predicting proximity to surges.  The explained variance has a notable early surge in explained variance (~21.6%) occurring at a window size of 7%. Given that this window captures strong predictive power while requiring substantially less data than the maximum window size, we propose it as the optimal balance between model performance and data efficiency.

Shuffling procedure across windows
To further examine whether the observed effects of early warning signals of activism surges, namely, the autocorrelation and standard deviation of anger, were stronger than would be expected by chance, we constructed a null distribution by repeating the full analysis on 100 shuffled versions of the dataset. As in the main analyses, each iteration, the temporal order of observations was randomly permuted, and then the complete preprocessing pipeline, including loess detrending, was reapplied. This procedure provides a stringent benchmark by preserving any structure introduced by preprocessing while eliminating genuine temporal dependencies. As shown in Table 7, the null distributions for both autocorrelation and standard deviation are centered close to zero across window sizes, indicating that, in the absence of temporal structure, these indicators do not systematically predict proximity to surges. Importantly, the direction and magnitude of these null estimates differ markedly from the patterns observed in the main analyses: the autocorrelation effect, which is consistently negative in the real data, is near zero or slightly positive under shuffling, whereas the standard deviation effect shows no stable pattern and fluctuates around zero. This divergence suggests that the effects observed in the original data are not readily reproduced by chance or preprocessing-induced structure alone. Notably, the effect of the control variable (days since previous surge) remains stable and strongly negative across all window sizes, providing additional reassurance that the modeling framework behaves as expected under both real and shuffled conditions. This is expected, as days since the previous surge depends on the surge structure, which is not altered by shuffling the anger series.


Using the shuffled datasets, we then moved on to compute bootstrap-like p-values for the effects found in our analysis (see Table 7). Using the shuffled datasets, we then moved on to compute bootstrap-like p-values for the effects found in our analysis (i.e., the probability in the distribution of shuffled datasets to find a more extreme value, see Table 8 below). The model outperformed the shuffled datasets between window size from window 1 (20 days) until window 14 (276 days) for autocorrelation, reinforcing the findings of our main analysis.

Binary classification 
In our binary classification approach, we examined whether early warning signals of critical slowing down could anticipate surges in activism. To this end, we estimated the effects of standard deviation and lag-1 autocorrelation across varying temporal window sizes on the occurrence of consecutive surges (1/0). For each window size (ranging from .05-14% of the data, in steps of .05), we computed standard deviation and lag-1 autocorrelation from a time series of anger-related expression like in the main analysis. We then fit a logistic regression model predicting binary surge occurrence, weighting observations inversely by class frequency to address imbalance between surge and non-surge periods. Predictor variables were standardized prior to model fitting. For each model, we extracted coefficients and p-values for standard deviation and autocorrelation and evaluated model performance using the area under the ROC curve (AUC).
We then fit a logistic regression model predicting binary surge occurrence, weighting observations inversely by class frequency to address imbalance between surge and non-surge periods. Predictor variables were standardized prior to model fitting. For each model, we extracted coefficients and p-values for standard deviation and autocorrelation and evaluated model performance using the area under the ROC curve (AUC).
This procedure yielded a profile of how the predictive power and statistical significance of each indicator varied as a function of window size (see Table 9). Notably, standard deviation exhibited increasingly strong and statistically significant negative associations with surge probability as window size increased, while autocorrelation overall shifted from weak to robust positive associations. Windows 4.5-9, window 10, window 11.5 and window 12.5-13.5 showed support for a critical slowing down pattern. For window 3.5, we saw a reversed critical slowing down effect, with pre-cascade windows being characterized by lower standard deviation and lower autocorrelation. The model's AUC generally improved with larger windows, reaching .59 for a window size of 8.5. The scarcity of surges can explain why it takes bigger windows (i.e., more available data) than for the main analysis for both effects to become significant. Overall, this robustness analysis reiterates that critical slowing down indicators, particularly when computed over longer windows, may meaningfully anticipate surges in collective expression dynamics.

Linking protest size to tweet count
To provide external context for our online activity measures, we examined their association with independently collected estimates of offline protest size. High-resolution, nationwide data on protest size in the U.S. do not exist for the entire period of study, as most systematic tracking efforts began only in 2020. We therefore treat offline protest size as contextual evidence where available rather than as a primary outcome. We used a protest dataset spanning September 9, 2014 to August 9, 2015, which allowed us to compute daily protest size estimates for those days. The dataset partially overlaps with our Twitter data, starting January 1st, 2015, yielding 221 days of overlapping observations. For each overlapping day, estimated daily protest size was correlated with daily #BlackLivesMatter tweet volume.
Daily tweet volume was positively associated with estimated protest size (r = .23, t(219) = 3.46, p = 0.00064). This association should be interpreted cautiously. Protest size estimates are incomplete and heterogeneous, the overlap period is limited, and online and offline mobilization are known to covary imperfectly rather than map one-to-one. Nevertheless, the positive association suggests that fluctuations in online activity capture, at least in part, variation in real-world collective mobilization.
Data source: Protest size estimates were drawn from an independently compiled protest dataset (see main text for details). Population-based normalization variables were derived from the 2014 American Community Survey (Source: U.S. Census Bureau, American Community Survey 201
Sensitivity of CSD indicators to window size without detrending

Table 10 reports regression coefficients from models predicting days until the next activity surge using rolling-window estimates of lag-1 autocorrelation (ACF(1)) and standard deviation (SD) computed directly from the raw anger time series, without detrending or smoothing. Window sizes range from 10 to 270 days. Across this range, the effect of autocorrelation becomes increasingly negative and statistically significant at larger window sizes, indicating stronger temporal persistence as the system approaches surges. In contrast, the effect of variance changes direction relative to detrended analyses and becomes increasingly negative only at longer windows. This therefore shows that a classically defined pattern of critical slowing down arises for variance in the non-detrended data, as the variance is representative more of broad amplitude shifts rather than short-term fluctuations in the raw series. The coefficient for days since the previous surge remains stable and strongly negative across all specifications, while overall model fit (R²) increases gradually with window size. Together, these results demonstrate that the predictive role of autocorrelation is robust to preprocessing choices, whereas variance is sensitive to the temporal scale and preprocessing regime, consistent with theoretical expectations for adaptive social systems. In addition, the pattern indicates that window size reflects the temporal scale needed to recover persistent structure from noisier raw data rather than a preprocessing artifact.
First-differencing as detrending method 
To directly address concerns that the observed autocorrelation effects may be driven by loess-based detrending, we re-estimated the main model using first-differencing, a preprocessing approach that removes trends without borrowing information across neighboring observations and therefore does not introduce smoothing-induced autocorrelation. The results remained highly consistent (see Table 11): autocorrelation of anger continued to strongly predict proximity to surges (b = −2.99, p < .001), indicating that the effect is not attributable to preprocessing artifacts. Because first-differencing is immune to smoothing-induced temporal dependence 36, this analysis provides direct evidence that the observed autocorrelation effect reflects genuine temporal structure in collective emotional dynamics. The effect of standard deviation also remained significant (b = 2.71, p < .001). Overall, these findings reinforce the conclusion that the predictive signal of autocorrelation is robust to detrending method and not reducible to methodological artifacts.
Mean Levels of Anger as predictors of Mobilization Surge
We conducted a comprehensive robustness analysis examining whether rolling mean anger predicts (i) the occurrence of surges in online #BlackLivesMatter activity and (ii) proximity to upcoming surges, across window sizes ranging from 1 to 30 days (see Table 12). This analysis directly evaluates whether average emotional intensity, as opposed to temporal emotional dynamics, carries predictive information about mobilization.	
Logistic regression models predicting whether a given day corresponds to a surge in online activity from rolling mean anger, computed over window sizes from 1 to 30 days (see Table 12). Entries report odds ratios (OR) with 95% confidence intervals and p-values for the effect of mean anger. All models include days since the previous surge as a control. Linear regression models predicting the number of days until the next surge in online activity from rolling mean anger, computed over window sizes from 1 to 30 days. Entries report the regression coefficient (β) for mean anger, standard error, p-value, and model R².
Across all window sizes examined (1–30 days), mean levels of anger did not reliably predict either surge occurrence or proximity to surges. Effect sizes were small, confidence intervals were wide, and p-values were uniformly non-significant for both binary and continuous outcomes. Model fit remained negligible across specifications (R² ≈ 0). These results demonstrate that average anger intensity, even when aggregated over short or moderate temporal windows, does not carry predictive information about mobilization dynamics. This null finding is robust to window length and analytic specification.
Together with the main analyses, these findings underscore a key theoretical distinction: surge collective mobilization is not driven by how angry a group is on average, but by how anger behaves over time. In contrast to mean levels, temporal indicators of emotional persistence and recovery (autocorrelation and variance) consistently predicted proximity to surges, aligning with a critical-slowing-down framework. Thus, this supplementary analysis strengthens our central conclusion: it is emotional dynamics rather than emotional magnitude that signal impending surges in collective activity.

Tables

Table 6 Output of regression analyses testing the effect of window size on the critical slowing down effects of anger
	Window size
	Autocorrelation effect size
	Autocorrelation p-value
	Standard deviation effect size
	Standard deviation p-value
	Days since previous surge effect size
	Days since previous surge p-value
	R-squared

	0.5
	-0.04741
	0.03455
	0.05339
	0.01713
	-0.23945
	<.001
	0.06472

	1
	-0.14026
	<.001
	0.09014
	0.00006
	-0.22354
	<.001
	0.08287

	1.5
	-0.13446
	<.001
	0.09394
	0.00004
	-0.22777
	<.001
	0.08057

	2
	-0.15655
	<.001
	0.12182
	0
	-0.2314
	<.001
	0.08818

	2.5
	-0.17226
	<.001
	0.15182
	0
	-0.23082
	<.001
	0.09338

	3
	-0.20025
	<.001
	0.16664
	0
	-0.23238
	<.001
	0.10121

	3.5
	-0.22981
	<.001
	0.15326
	0
	-0.23446
	
	0.10831

	4
	-0.25646
	<.001
	0.16372
	0
	-0.24331
	<.001
	0.11985

	4.5
	-0.29149
	<.001
	0.19154
	0
	-0.26093
	<.001
	0.13752

	5
	-0.32149
	<.001
	0.20507
	0
	-0.2787
	<.001
	0.15001

	5.5
	-0.3582
	<.001
	0.22511
	0
	-0.29068
	<.001
	0.17372

	6
	-0.37002
	<.001
	0.21939
	0
	-0.29744
	<.001
	0.18111

	6.5
	-0.3995
	<.001
	0.24294
	0
	-0.30045
	<.001
	0.19995

	7
	-0.41939
	<.001
	0.27334
	0
	-0.30993
	<.001
	0.21601

	7.5
	-0.41522
	<.001
	0.29829
	0
	-.321
	<.001
	0.21672

	8
	-0.42066
	<.001
	0.30931
	0
	-0.33272
	<.001
	0.2197

	8.5
	-0.40603
	<.001
	0.30043
	0
	-0.33403
	<.001
	0.20539

	9
	-0.38668
	<.001
	0.28918
	0
	-0.33175
	<.001
	0.19284

	9.5
	-0.36202
	<.001
	0.27036
	0
	-0.32296
	<.001
	0.17936

	10
	-0.36087
	<.001
	0.25391
	0
	-0.31899
	<.001
	0.17664

	10.5
	-0.36575
	<.001
	0.23978
	0
	-0.32504
	<.001
	0.17515

	11
	-0.40218
	<.001
	0.24935
	0
	-0.32941
	<.001
	0.18911

	11.5
	-0.42252
	<.001
	0.25867
	0
	-0.33768
	<.001
	0.19618

	12
	-0.43694
	<.001
	0.27397
	0
	-0.33782
	<.001
	0.20448

	12.5
	-0.44546
	<.001
	0.28453
	0
	-0.34428
	<.001
	0.20774

	13
	-0.4491
	<.001
	0.29581
	0
	-0.35176
	<.001
	0.20828

	13.5
	-0.44077
	<.001
	0.29676
	0
	-0.35566
	<.001
	0.19996

	14
	-0.45167
	<.001
	0.30189
	0
	-0.35222
	<.001
	0.20318





Table 7 The critical slowing down effects of anger across different window sizes using shuffled data
	Window
	ACF null
effect
	ACF null
SD
	SD
Null
effect
	Sd
Null
sd
	Days since previous surge
	P-value days since previous surge

	10
	0.006
	0.052
	-0.020
	0.074
	-0.240
	<.001

	20
	0.009
	0.083
	-0.008
	0.090
	-0.225
	<.001

	30
	0.002
	0.098
	-0.007
	0.099
	-0.229
	<.001

	40
	0.005
	0.098
	0.006
	0.125
	-0.233
	<.001

	50
	0.018
	0.122
	0.008
	0.124
	-0.232
	<.001

	60
	0.017
	0.122
	-0.011
	0.130
	-0.234
	<.001

	70
	-0.025
	0.126
	0.009
	0.133
	-0.237
	<.001

	80
	.007
	.137
	.002
	.133
	-.247
	<.001

	90
	-.018
	.143
	-.039
	.133
	-.267
	<.001

	100
	.013
	.148
	.007
	.130
	-.286
	<.001

	110
	.009
	.150
	-.005
	.168
	-.296
	<.001

	120
	.027
	.150
	-.001
	.164
	-.301
	<.001

	130
	-.024
	.155
	.011
	.161
	-.306
	<.001

	140
	.006
	.151
	-.049
	.159
	-.316
	<.001

	150
	.018
	.149
	.010
	.159
	-.327
	<.001

	160
	-.001
	.148
	-.023
	.171
	-.337
	<.001

	170
	-.001
	.149
	-.023
	.177
	-.337
	<.001

	180
	.009
	.156
	-.005
	.167
	-.331
	<.001

	190
	.007
	.166
	-.018
	.170
	-.323
	<.001

	200
	-.011
	.167
	-.005
	.198
	-.322
	<.001

	210
	.014
	.169
	.008
	.153
	-.327
	<.001

	220
	-.004
	.159
	.040
	.179
	-.334
	<.001

	230
	.002
	.150
	-0.015
	.156
	-.339
	<.001

	240
	-.002
	.163
	.019
	.182
	-.340
	<.001

	250
	-.009
	.185
	.010
	.180
	-.349
	<.001

	260
	.011
	.158
	.028
	.160
	-.355
	<.001

	270
	.014
	.185
	.010
	.153
	-.356
	<.001



Null estimates are derived from shuffled time series with full preprocessing (including loess detrending) reapplied. Values are rounded to three decimals. p-values < .001 are reported as < .001.


Table 8 Bootstrap-like P-values based on the shuffling procedure
	Window size
	ACF bootstrapped p-value
	Standard deviation bootstrapped p-value

	10
	.149
	.188

	20
	.059
	.139

	30
	.089
	.168

	40
	.030
	.158

	50
	.059
	.099

	60
	.050
	.089

	70
	.040
	.168

	80
	.020
	.129

	90
	.020
	.040

	100
	.010
	.079

	110
	.010
	.149

	120
	.010
	.079

	130
	.010
	.079

	140
	.010
	.020

	150
	.010
	.020

	160
	.010
	.030

	170
	.010
	.059

	180
	.010
	.059

	190
	.010
	.069

	200
	.020
	.109

	210
	.020
	.059

	220
	.010
	.158

	230
	.010
	.050

	240
	.010
	.059

	250
	.020
	.059

	260
	.010
	.050

	270
	.010
	.050



Empirical p-values represent the proportion of shuffled datasets yielding estimates as or more extreme than those observed in the original data. Values are rounded to three decimals.


Table 9 Coefficients, p-values, and AUC across different window sizes
	Window size
	Standard deviation coefficient
	Standard deviation p-value
	Autocorrelation coefficient
	Autocorrelation p-value
	AUC

	0.5
	0.04565
	0.17054
	-0.35164
	0
	0.58497

	1
	0.02181
	0.50988
	-0.18282
	0
	0.54278

	1.5
	0.04499
	0.17454
	-0.10876
	0.00139
	0.52988

	2
	-0.04346
	0.20153
	-0.01376
	0.68519
	0.49601

	2.5
	0.00223
	0.94955
	-0.01707
	0.62917
	0.5081

	3
	-0.06689
	0.05803
	-0.05739
	0.10356
	0.52196

	3.5
	-0.08412
	0.01862
	-0.07306
	0.04577
	0.53951

	4
	-0.05912
	0.09751
	-0.01102
	0.75829
	0.52302

	4.5
	-0.1191
	0.00074
	0.07135
	0.05113
	0.54169

	5
	-0.14206
	0.00006
	0.08725
	0.01683
	0.55059

	5.5
	-0.13524
	0.00016
	0.08600
	0.02088
	0.54567

	6
	-0.14808
	0.00006
	0.09692
	0.00962
	0.55555

	6.5
	-0.08793
	0.0148
	0.09429
	0.0134
	0.53458

	7
	-0.11649
	0.00135
	0.14446
	0.00011
	0.54201

	7.5
	-0.14895
	0.00003
	0.14459
	0.00012
	0.54997

	8
	-0.19369
	< .00001
	0.12374
	0.00128
	0.57021

	8.5
	-0.25306
	< .00001
	0.16801
	0.00001
	0.58694

	9
	-0.20361
	< .00001
	0.12059
	0.00169
	0.57152

	9.5
	-0.19754
	0
	0.06321
	0.10355
	0.56391

	10
	-0.16047
	0.00001
	0.08219
	0.03553
	0.55803

	10.5
	-0.16338
	0.00001
	0.03148
	0.4217
	0.5483

	11
	-0.14361
	0.00011
	0.04200
	0.28065
	0.55068

	11.5
	-0.16128
	0.00002
	0.07747
	0.04483
	0.55273

	12
	-0.1446
	0.00019
	0.05401
	0.17564
	0.5471

	12.5
	-0.16308
	0.00003
	0.08542
	0.03018
	0.55219

	13
	-0.1767
	0.00001
	0.08364
	0.03802
	0.55851

	13.5
	-0.17448
	0.00001
	0.08351
	0.03766
	0.55716

	14
	-0.14271
	0.00052
	-0.01214
	0.77274
	0.54788


ACF₁ = lag-1 autocorrelation; SD = standard deviation; AUC = area under the ROC curve. P-values are rounded to five decimal places, and "< .00001" indicates values smaller than that threshold.



Table 10 CSD effects without detrending
	Window
	ACF
coef
	ACF
pval
	SD
coef
	SD
pval
	Days since previous surge coef
	Days since previous surge pval
	Rsquared

	10
	.019
	.419
	.009
	.718
	-.179
	0
	.033

	20
	-.061
	.012
	.027
	.264
	-.176
	0
	.035

	30
	-.015
	.524
	.021
	.384
	-.179
	0
	.032

	40
	.017
	.464
	.018
	.458
	-.181
	0
	.033

	50
	.042
	.091
	.019
	.435
	-.183
	0
	.035

	60
	.018
	.452
	.018
	.457
	-.182
	0
	.033

	70
	.009
	.718
	-.007
	.767
	-.177
	0
	.032

	80
	-.01912
	.447
	-.008
	.730
	-.176
	0
	.032

	90
	-.03189
	.206
	-.011
	.642
	-.176
	0
	.032

	100
	-.081
	.001
	-.006
	.805
	-.175
	0
	.037

	110
	-.136
	0
	-.002
	.946
	-.178
	0
	.050

	120
	-.165
	0
	-.017
	.484
	-.184
	0
	.061

	130
	-.179
	0
	.004
	.855
	-.188
	0
	.061

	140
	-.185
	0
	.019
	.441
	-.194
	0
	.061

	150
	-.182
	0
	.023
	.357
	-.201
	0
	.059

	160
	-.175
	0
	.009
	.704
	-.198
	0
	.056

	170
	-.1451
	0
	-.018
	.483
	-.197
	0
	.052

	180
	-.126
	0
	-.040
	.0119
	-.192
	0
	.050

	190
	-.107
	0.001
	-.062
	.016
	-.191
	0
	.049

	200
	-.092
	0.001
	-.086
	.0008
	-.192
	0
	.051

	210
	-.0892
	0.001
	-.109
	.00003
	-.197
	0
	.058

	220
	-.086
	.001
	-.138
	0
	-.202
	0
	.067

	230
	-.072
	.006
	-.145
	0
	-.197
	0
	.063

	240
	-.063
	.017
	-.147
	0
	-.197
	0
	.061

	250
	-.052
	.050
	-.155
	0
	-.202
	0
	.063

	260
	-.038
	.155
	-.173
	0
	-.207
	0
	.068

	270
	-.004
	.856
	-.199
	0
	-.208
	0
	.071




Table 11 Linear regression predicting days to surge using first-differenced anger (standardized coefficients)
	Predictor
	β
	SE
	t
	p

	Intercept
	28.94
	0.52
	56.19
	< .001

	Autocorrelation (lag-1)
	-2.99
	0.51
	-5.82
	< .001

	Standard deviation
	2.71
	0.52
	5.23
	< .001

	Days since previous surge
	-5.41
	0.52
	-10.47
	< .001


N = 1,866. All predictors are standardized. R² = .087, adjusted R² = .086.
Table 12 Logistic regressions predicting surge occurrence from rolling mean anger across window sizes (1–30 days). Entries show odds ratios (95% CI) and p-values for mean anger
	Window
	n
	OR_CI
	p

	1
	1956
	1.318 [0.661, 2.627]
	0.433

	2
	1955
	1.251 [0.511, 3.066]
	0.624

	3
	1954
	1.366 [0.501, 3.722]
	0.542

	4
	1953
	1.070 [0.310, 3.695]
	0.915

	5
	1952
	1.434 [0.426, 4.827]
	0.560

	6
	1951
	1.460 [0.396, 5.385]
	0.569

	7
	1950
	1.262 [0.296, 5.389]
	0.753

	8
	1949
	1.029 [0.205, 5.166]
	0.972

	9
	1948
	1.009 [0.184, 5.524]
	0.992

	10
	1947
	0.823 [0.130, 5.209]
	0.836

	11
	1946
	0.654 [0.089, 4.782]
	0.676

	12
	1945
	0.541 [0.065, 4.468]
	0.568

	13
	1944
	0.594 [0.070, 5.049]
	0.633

	14
	1943
	0.894 [0.112, 7.143]
	0.916

	15
	1942
	1.052 [0.130, 8.487]
	0.962

	16
	1941
	1.402 [0.178, 11.010]
	0.748

	17
	1940
	1.459 [0.178, 11.938]
	0.725

	18
	1939
	1.120 [0.121, 10.356]
	0.921

	19
	1938
	1.060 [0.108, 10.430]
	0.960

	20
	1937
	0.838 [0.076, 9.189]
	0.885

	21
	1936
	0.800 [0.069, 9.286]
	0.858

	22
	1935
	0.758 [0.062, 9.332]
	0.829

	23
	1934
	0.655 [0.049, 8.736]
	0.749

	24
	1933
	0.578 [0.040, 8.299]
	0.687

	25
	1932
	0.542 [0.036, 8.219]
	0.659

	26
	1931
	0.503 [0.031, 8.067]
	0.627

	27
	1930
	0.465 [0.027, 7.890]
	0.596

	28
	1929
	0.677 [0.041, 11.286]
	0.786

	29
	1928
	0.937 [0.058, 15.121]
	0.963

	30
	1927
	1.298 [0.083, 20.328]
	0.853




Table 13 Linear regressions predicting days-to-next-surge from rolling mean anger across window sizes (1–30 days). Entries show the coefficient for mean anger and model R²
	window
	n
	beta
	se
	t
	p
	R2

	1
	1941
	0.366
	1.580
	0.232
	0.817
	0.000

	2
	1940
	0.587
	1.888
	0.311
	0.756
	0.000

	3
	1939
	0.803
	2.140
	0.375
	0.707
	0.000

	4
	1938
	1.322
	2.347
	0.563
	0.573
	0.000

	5
	1937
	1.470
	2.529
	0.581
	0.561
	0.000

	6
	1936
	1.914
	2.695
	0.710
	0.478
	0.000

	7
	1935
	2.577
	2.850
	0.904
	0.366
	0.000

	8
	1934
	3.034
	3.004
	1.010
	0.313
	0.001

	9
	1933
	3.314
	3.151
	1.051
	0.293
	0.001

	10
	1932
	3.538
	3.292
	1.075
	0.283
	0.001

	11
	1931
	3.491
	3.427
	1.018
	0.309
	0.001

	12
	1930
	3.233
	3.556
	0.909
	0.363
	0.000

	13
	1929
	2.863
	3.679
	0.778
	0.437
	0.000

	14
	1928
	2.555
	3.795
	0.673
	0.501
	0.000

	15
	1927
	2.684
	3.900
	0.688
	0.491
	0.000

	16
	1926
	2.836
	3.999
	0.709
	0.478
	0.000

	17
	1925
	3.183
	4.096
	0.777
	0.437
	0.000

	18
	1924
	3.512
	4.189
	0.838
	0.402
	0.000

	19
	1923
	3.520
	4.277
	0.823
	0.411
	0.000

	20
	1922
	3.426
	4.363
	0.785
	0.432
	0.000

	21
	1921
	3.116
	4.448
	0.700
	0.484
	0.000

	22
	1920
	2.785
	4.534
	0.614
	0.539
	0.000

	23
	1919
	2.466
	4.619
	0.534
	0.594
	0.000

	24
	1918
	2.100
	4.702
	0.447
	0.655
	0.000

	25
	1917
	1.629
	4.782
	0.341
	0.733
	0.000

	26
	1916
	1.144
	4.860
	0.235
	0.814
	0.000

	27
	1915
	0.590
	4.940
	0.120
	0.905
	0.000

	28
	1914
	0.030
	5.019
	0.006
	0.995
	0.000

	29
	1913
	-0.163
	5.097
	-0.032
	0.975
	0.000

	30
	1912
	0.082
	5.176
	0.016
	0.987
	0.000






