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[bookmark: _Toc85467245][bookmark: _Hlk82272267]Table S1 The Lanscape of the 2018 US Senate Elections[footnoteRef:2] [2:  The Race Competitiveness is based on ratings published by the Cook Political Report in October 2018. Our analysis excluded a) incumbents (i.e., Jeff Flake, Bob Corker and Orrin Hatch) who did not run for re-election in the 2018 Senate elections, b) the third-party candidates (i.e., Angus King, Independent, but caucuses with Democratic; Bernie Sanders, Independent), c) candidate (i.e., Lawrence Zupan) who had a non-verified Twitter account, d) candidate (i.e., Leah Vukmir) who did not send any tweets from 09 Oct to 06 Nov 2018 and Tammy Baldwin as everyone else had an opponent.] 

	State
	Race Competitiveness
	Incumbent
	Major Challenger(s)
	Results

	Arizona
	Tossup
	[bookmark: _Hlk81669573][image: ]Jeff Flake
	Kyrsten Sinema
	[image: ]Martha McSally
	50.0% vs. 47.6%

	California
	Safe D
	[image: ]Dianne Feinstein
	[image: ]Kevin de León
	
	54.2% vs. 45.8%

	Connecticut
	Safe D
	[image: ]Christopher Murphy
	[image: ]Matthew Corey
	
	59.5% vs. 39.3%

	Delaware
	Safe D
	[image: ]Tom Carper
	[image: ]Robert Arlett
	
	60.0% vs. 37.8%

	Florida
	Tossup
	[image: ]Bill Nelson
	[bookmark: _Hlk81673243][image: ]Rick Scott
	
	49.9% vs. 50.1%

	Hawaii
	Safe D
	[image: ]Mazie Hirono
	[image: ]Ron Curtis
	
	71.2% vs. 28.8%

	Indiana
	Tossup
	[image: ]Joe Donnelly
	[bookmark: _Hlk81673263][image: ]Mike Braun
	
	44.8% vs. 50.7%

	Massachusetts
	Safe D
	[image: ]Elizabeth Warren
	[image: ]Geoff Diehl
	
	60.3% vs. 36.2%

	Maryland
	Safe D
	[image: ]Ben Cardin
	[image: ]Tony Campbell
	
	64.9% vs. 30.3%

	Maine
	Safe D/I
	[image: ]Angus King
	[image: ]Eric Brakey
	
	54.3% vs. 35.2%

	Michigan
	Likely D
	[image: ]Debbie Stabenow
	[image: ]John James
	
	52.3% vs. 45.8%

	Minnesota
	Safe D
	[image: ]Amy Klobuchar
	[image: ]Jim Newberger
	
	60.3% vs. 36.2%

	Minnesota (Special)
	Lean D
	[image: ]Tina Smith
	[image: ]Karin Housley
	
	53.0% vs. 42.2%

	Missouri
	Tossup
	[image: ]Claire McCaskill
	[bookmark: _Hlk81673277][image: ]Josh Hawley
	
	45.6% vs. 51.4%

	Mississippi
	Safe R
	[image: ]Roger Wicker
	[image: ]David Baria
	
	58.5% vs. 39.5%

	Mississippi (Special)
	Lean R
	[image: ]Cindy Hyde-Smith
	[image: ]Mike Espy
	
	53.6% vs. 46.4%

	Montana
	Tossup
	[image: ]Jon Tester
	[image: ]Matt Rosendale
	
	50.3% vs. 46.8%

	North Dakota
	Lean R
	[image: ]Heidi Heitkamp
	[bookmark: _Hlk81673289][image: ]Kevin Cramer
	
	44.3% vs. 55.1%

	Nebraska
	Safe R
	[image: ]Deb Fischer
	[image: ]Jane Raybould
	
	57.7% vs. 38.6%

	New Jersey
	Tossup
	[image: ]Bob Menendez
	[image: ]Bob Hugin
	
	54.0% vs. 42.8%

	New Mexico
	Safe D
	[image: ]Martin Heinrich
	[image: ]Mick Rich
	
	54.1% vs. 30.5%

	Nevada
	Tossup
	[image: ]Dean Heller
	[bookmark: _Hlk81673303][image: ]Jacky Rosen
	
	45.4% vs. 50.4%

	New York
	Safe D
	[image: ]Kirsten Gillibrand
	[image: ]Chele Farley
	
	67.0% vs. 33.0%

	Ohio
	Likely D
	[image: ]Sherrod Brown
	[image: ]Jim Renacci
	
	53.4% vs. 46.6%

	Pennsylvania
	Likely D
	[image: ]Bob Casey 
	[image: ]Lou Barletta
	
	55.7% vs. 42.6%

	Rhode Island
	Safe D
	[image: ]Sheldon Whitehouse
	[image: ]Robert Flanders 
	
	61.4% vs. 38.3%

	Tennessee
	Tossup
	[bookmark: _Hlk81669619][image: ]Bob Corker
	Marsha Blackburn 
	[image: ]Phil Bredesen
	54.7% vs. 43.9%

	Texas
	Tossup
	[image: ]Ted Cruz
	[image: ]Beto O'Rourke
	
	50.9% vs. 48.3%

	Utah
	Safe R
	[bookmark: _Hlk81669627][image: ]Orrin Hatch
	Mitt Romney
	[image: ]Jenny Wilson
	62.6% vs. 30.9%

	Virginia
	Safe D
	[image: ]Tim Kaine
	[image: ]Corey Stewart
	
	57.0% vs. 41.0%

	Vermont
	Safe D/I
	[image: ]Bernie Sanders
	[image: ]Lawrence Zupan
	
	67.3% vs. 27.4% 

	Washington
	Safe D
	[image: ]Maria Cantwell
	[image: ]Susan Hutchison
	
	58.4% vs. 41.6%

	Wisconsin
	Likely D
	[bookmark: _Hlk81674598][image: ]Tammy Baldwin
	[image: ]Leah Vukmir
	
	55.4% vs. 44.6%

	West Virginia
	Lean D
	[image: ]Joe Manchin III
	[image: ]Patrick Morrisey
	
	49.6% vs. 46.3%

	Wyoming
	Safe R
	[image: ]John Barrasso
	[image: ]Gary Trauner
	
	67.0% vs. 30.1%



[bookmark: _Toc85467246]Nested vs. Crossed Grouping Factors in LMER
[bookmark: _heading=h.30j0zll]Considering the present dataset, wherein observations were collected from a total of 65 candidates over a four-week period, emotional expressions are likely to correlate between candidates across political parties. Failing to account for those dependencies may produce standard errors, leading to p-values that are smaller than they should be, and thus, higher false-positive rates (i.e., type I error; Doran et al., 2007). Fitting a mixed-effects model, the current study estimated the responses for all individuals independently and in the context of each other, with a conjunction of time effects. Such a model not only estimates specific effects within each clustering (e.g., how emotive posts work on retweets/favorites for each candidate per week) but also borrows strength from the population-average effects (see Bell et al., 2019 for a shrinkage of cluster-specific estimates towards the population mean).
[bookmark: _Hlk79755444]Many methods in mixed-effects models are designed with multiple grouping factors either from a strictly nested sequence (e.g., each level of A occurs in conjunction with only one level of B) or a completed crossed sequence (e.g., every level of A occurs in conjunction with every level of B). As some candidates in our dataset are only seen at specific time points, we used partially crossed grouping factors in the following analysis (Doran, 2007).
[bookmark: _Toc85467247]Model Comparison
[bookmark: _Hlk73556586]To evaluate how well these partially crossed grouping factors fit our model, we used the likelihood ratio test (Hothorn et al., 2015) to compare (a) fm1 for a base model with a simple, scalar random term (i.e., 1|DatebyWeek or 1|UserID, where the variable occurs to the right of the vertical bar, it represents the grouping factors), (b) fm2 with an interactive random term, and (c) fm3 with multiple, scalar random-effects terms (incorporating 1|UserID with 1|UserID:DatebyWeek). The results have been arranged according to the model complexity, as presented in Table S2.
Both AIC and BIC (on a scale that is preferably small) favor model fm3, with fm1b close behind. Based on the deviance differences (e.g., ; ), the results indicate that fm3 does produce a better fit than fm1b, evidencing the application of partially crossed grouping factors in the current models (Hothorn et al., 2015; Doran, 2007).

[bookmark: _Toc79852791]Table S2 Model Comparison
Predicted Retweets
	
	Democrats
	
	Republicans
	

	
	df
	AIC
	 BIC
	LogLik
	Deviance
	Chisq1
	df
	AIC
	 BIC
	LogLik
	Deviance
	Chisq1

	fm1a
	12
	13661
	13735
	-6818.4
	13637
	
	12
	12497
	12572
	-6236.9
	12473
	

	fm1b
	12
	10835
	10910
	-5405.5
	10811
	2825.8***
	12
	9864
	9938
	-4920.0
	9840
	2633.7***

	fm2
	12
	10996
	11070
	-5485.8
	10972    
	0.00
	12
	9894
	9968
	-4935.1
	9870
	0.00

	fm3
	13
	10792
	10873
	-5383.3  
	10766  
	205.1***
	13
	9717
	9797
	-4845.6
	9691
	178.9***

	[bookmark: _Toc79852792][bookmark: _Toc79932383][bookmark: _Toc80083570][bookmark: _Toc81736421][bookmark: _Toc81828387][bookmark: _Toc81944885][bookmark: _Toc82372155][bookmark: _Toc82461387][bookmark: _Toc85467199][bookmark: _Toc85467248]Predicted Favorites
	fm1a
	12
	13910
	13985
	-6943.0
	13886
	
	12
	12560
	12635
	-6268.4
	12536
	

	fm1b
	12
	10519
	10594
	-5247.4
	10495
	3391.0***
	12
	9964
	10038
	-4970.1
	9940
	2596.6***

	fm2
	12
	10687
	10762
	-5331.5
	10663    
	0.00
	12
	10017
	10091
	-4996.6
	9993
	0.00

	fm3
	13
	10466
	10547
	-5219.9
	10440
	223.3***
	13
	9833
	9913
	-4903.5
	9807
	186.2***

	1 Statistically significant difference is based on Pearson’s Chi-square test. *p < 0.05, **p < 0.1, ***p < 0.001. AIC = The Akaike information criterion. BIC = Bayesian information criterion. LogLik = log likelihood (on the scale where the higher the value, the better the fit of the model).






[bookmark: _Toc85467249][bookmark: _Hlk82089996]Model Diagnostics
Like any other linear model, diagnostics are required to ensure that no statistical assumptions have been violated (Doran et al., 2007; Galwey, 2014). Fig. S1 presents the standard diagnostics plots, displaying (a) signs of normality to examine whether the data are randomly dispersed around the horizontal axis, as opposed to non-random patterns (e.g., a U-shape pattern), and (b) an approximate normality for both random terms and no serious deficiencies in the present models. Although Fig. S2 identifies a suspectable outlier for which the residual is relatively large compared to other data points, directly dropping the outlier can influence the results (Bates, 2010; Boeck et al., 2011; Galwey, 2014). In this case, we separated out this suspectable outlier (i.e., JohnJamesMI; n = 242) and reproduced the mixed-effects model; the results indicate that the main effects remained, with joy (β = -0.42, s.e.m. = 0.04, 95% CI [-0.56, -0.14]), F(1, 3,139) = 75.1, p < .001) and anger-signaling tweets (β = 0.68, s.e.m. = 0.18, 95% CI [0.42, 1.24]), F(1, 3,127) = 13.4, p < .001) significantly associated with retweet counts among Republicans.

Fig. S1 LMER diagnostics (Democrats)
[image: Diagram, engineering drawing

Description automatically generated]


Fig. S2 LMER diagnostics (Republicans)
[image: Diagram

Description automatically generated with medium confidence]
[bookmark: _Toc85467250][bookmark: _Hlk81664111][bookmark: _Hlk82090067]Post-election Facts: Predicted Effects on Retweets and Favorites
Fig. S3 provides an extended overview of the tweet volume produced by Senate candidates around the 2018 US mid-term elections (09 October – 04 December 2018; Election Day: 06 November 2018). While both sides tweeted more than 3,000 times across the 4-week period before the election (09 October – 06 November 2018), a notable reduction is clear for the 4 weeks post-elections (07 November – 04 December 2018), with Democrats and Republicans publishing a total of 1,445 and 494 messages, respectively. As illustrated by Fig. S3b, the level of retweeting constantly increased over 4 weeks leading up to the election, whereas such engagement levels gradually dropped throughout the post-campaign period, with people supporting the Democrats being more active on the network than those supporting the Republicans (see Fig. S3c for a similar trend regarding favoriting levels). We suggest that future work may delve further into the dynamic changes of different types of emotive posts throughout the election cycle.
[bookmark: _Hlk79740104][bookmark: _Hlk81213454]Though previous results indicated that anger- and fear-signaling tweets are associated with increased diffusion among Republicans and Democrats, respectively, Fig. S4 illustrates that none of those expressions had an influence on capturing public attention across the post-campaign period. In addition, neither expressions of confidence nor sadness were associated with predicted retweets or favorites on either side of the political spectrum. Joy-signaling tweets tended to be the only significant factor less likely to be retweeted or favorited among Democrats (e.g., predicted retweets: β = -1.38, s.e.m. = 0.10, 95% CI [-1.50, -1.09], F(1, 778) = 177.33, p < .001); however, such an effect did not carry into the predicted retweets or favorites among Republicans (e.g., predicted retweets: β = -0.27, s.e.m. = 0.15, 95% CI [-0.57, 0.03], F(1, 454) = 2.96, p = .09). It is important to note that as the present sample size is relatively small, future work would benefit from an extended dataset including more emotive posts.
[bookmark: _Hlk82272386]Fig. S3. The extended view of a) number of tweets, b) average retweets (without comments), and c) average favorites over 9 weeks around the 2018 US mid-term elections (09 October – 04 December 2018) across the political party divide (i.e., Democrats vs. Republicans). Bands reflect a 95% confidence interval. * represents election week.

[image: ]


Fig. S4. Predicted effects on Twitter engagement following the 2018 US mid-term elections (07 November – 04 December 2018) across the political party divide (i.e., Democrats vs. Republicans). Recoded #, @, URL and emoji to dummy variables (x = 1 of a given tweet contains the feature). Bands reflect 95% CIs with follower/friend counts as offset variables. *p < 0.05, **p < 0.01, and ***p < 0.001 based on F-test.

[image: ]
[bookmark: _Toc85467251]Appendix I. A JSON Sample of Emotive Tones Returned by IBM Tone Analyzer[footnoteRef:3] [3:  The returned scores are based on the text: ‘The NRA has had lawmakers in its pocket for too long - and our country has suffered the consequences. If we fight together, if we channel our outrage, our heartbreak and our frustration, we can take on the NRA and put a stop to this senseless violence’. See https://tone-analyzer-demo.ng.bluemix.net/ for a demo presentation.] 

{
  "document_tone": {
    "tones": [
      {
        "score": 0.565632,
        "tone_id": "sadness",
        "tone_name": "Sadness"
      },
      {
        "score": 0.509696,
        "tone_id": "anger",
        "tone_name": "Anger"
      }
    ]
  }
}

[bookmark: _Toc85467252]Appendix II. A Large Sample of Tweets Processed by IBM Tone Analyzer[footnoteRef:4] [4:  The Appendix II presents 55 original tweets (i.e., 10 tweets from each emotional category plus 5 non-emotional tweets). Metadata (e.g., User ID) is partially obscured for information protection. Please note that all the values shown here were collected in 2018.] 

	Created
At
	Full Text
	Retweet
Counts[footnoteRef:5] [5:  The direct retweets (without additional commentary) were collected by Twitter API in combination with web-page scarping.] 

	Favorite
Counts
	Follower
Counts
	Friend
Counts
	User ID
	Joy
	Anger
	Fear
	Sadness
	Confidence

	10/22
	It was great to be in Edison for their last night of Navratri. I was able to celebrate the occasion with some delicious fafda and jalebi. Thank you Kanubhai Patel for the warm welcome! https://t.co/Oqjlk0HQKv 
	49
	160
	16652
	581
	949**0
	0.98765[footnoteRef:6] [6:  The confidence score on each predicted tone indicates how likely such emotion is perceived in the content. E.g., for the given text ‘It was great to be in Edison for their last night of Navratri… the warm welcome! https://t.co/Oqjlk0HQKv’, the results indicate that text mainly expresses ‘joyfulness’, with more than 95% confidence to indicate that such emotions are likely to be perceived in the content.] 

	0
	0
	0
	0

	10/30
	So proud to have these @Seahawks giants on MY side! Thank you @JimZorn10  and #SteveLargent for your endorsements for @Susan4Senate! Lets win  this together! #waelex #wasen #Susan4Senate #CantwellCant #Seahawks https://t.co/wcZWJHHMVT 
	27
	55
	1729
	19
	304**2
	0.977549
	0
	0
	0
	0

	11/6
	Visiting the @encircle2gether Provo Resource Center today. Utahs LGBTQIA youth must know that they are seen, loved, and supported. I’m so grateful and proud to support Encircles work in our community and the new Salt Lake center opening soon! #loveislove https://t.co/y9r8gqdHlI 
	14
	41
	32390
	534
	233**5
	0.935441
	0
	0
	0
	0.655978

	11/3
	My heartfelt gratitude to everyone who joined us for the Interfaith Oneg Shabbat in Baltimore today. Today we stood in solidarity with one another. Today we declared that hate will be given no quarter in America, and that diversity remains our greatest strength. #ShowUpForShabbat
	58
	268
	238580
	2728
	109**1
	0.877406
	0
	0
	0
	0

	10/27
	Thank you Austin! A pleasure to meet you today. @austinmynatt
	74
	365
	437122
	37
	161**2

	0.863849
	0
	0
	0
	0

	10/18
	Big news for job training today! Excited to help announce a new scholarship for the state’s advanced manufacturing centers which will help train people for new careers in manufacturing. https://t.co/k3ordSVsqS
	17
	67
	712856
	184
	150**6
	0.833033
	0
	0
	0
	0

	10/25
	Cant wait to see the new North American @FordRanger rolling off the line later this month and excited that Fords chosen the world-class workers at the Cleveland Engine Assembly Plant to build its EcoBoost Engine.
	28
	135
	343361
	206
	439**7
	0.766479
	0
	0
	0
	0

	10/18

	Good luck to @VicOladipo and the @Pacers in their season opener tonight! https://t.co/0nUNAH8tgS 
	24
	127
	11240
	168
	259**6
	0.74017
	0
	0
	0
	0.784724

	10/21
	Thanks to everyone who came out on Saturday morning ready to knock some doors in Hartford! Our Albany Ave office is full of volunteers who are making a difference with just a few weeks until election day. https://t.co/z93jrXLuTl 
	41
	186
	712856
	184
	150**6
	0.707523
	0
	0
	0
	0

	11/2
	Having a great time with @CoryBooker greeting folks who are voting early. Need a ride to the polls? Call 317-245-4417! https://t.co/geqxRpg5QB 
	114
	428
	11240
	168
	259**6
	0.694576
	0
	0
	0
	0

	10/12
	On National Coming Out Day, we celebrate the bravery of all who have come out as LGBTQ, and those who are taking that courageous step today. I’m proud to fight alongside you all, today and always, to be a country where everyone can safely love who they love and be who they are.
	813
	3345
	1288015
	518
	721**6
	0.672312
	0
	0
	0
	0.704642

	11/2
	Looking forward to our rally in Pampa! See y'all soon! #KeepTexasRed #CruzCrew https://t.co/dh2UigYcpq 
	154
	669
	3247981
	6475
	230**7
	0.609834
	0
	0
	0
	0

	10/25
	Leadership starts at the top, and words have meaning. Hateful, angry rhetoric is not just childish its dangerous. This November, use your voice to reject everyone who has made excuses for this behavior and lets begin to heal our nation.
	152
	430
	32390
	534
	233**5
	0
	0.778586
	0
	0
	0

	10/28
	Another mass shooting at another house of worship, this time a hate crime at the Tree of Life synagogue in Pittsburgh. I am praying for the victims, their families and the brave officers who risked their lives. To our Jewish neighbors everywhere, we send love. We stand with you.
	433
	1771
	1288015
	518
	721**6
	0
	0.722628
	0
	0
	0

	10/29
	Tim Kaine encourages violence against Americans. He refuses to condemn the domestic terror group Antifa. He calls for more angry mobs. Isn’t it time we replace Democratic aggression with law & order, a secure border, and continued economic success? https://t.co/gjfc7pgm8X 
	349
	563
	29127
	12366
	259**4
	0
	0.715164
	0
	0
	0.509368

	10/19
	This is revolting anti-Semitism. There is no place in contemporary society for this kind of hate and bigotry. Farrakhan's words must be condemned. https://t.co/WR2OhYDY5Y 
	21
	48
	4377
	641
	959**0
	0
	0.713386
	0
	0
	0

	10/23
	ANGRY DEMOCRAT MOB  assaults journalist for asking question about George Soros.
#JobsNotMobs 
https://t.co/U1iF62txAx  via @gatewaypundit
	102
	93
	29127
	12366
	259**4
	0
	0.695888
	0
	0
	0

	10/24
	The Trump administration is pushing yet another plan to expand junk insurance that doesn’t cover basics & hurts people with pre-existing conditions. Americans want more affordable #healthcare with meaningful coverage not junk plans that don’t protect us.
https://t.co/Rqdpq7sk6V 
	54
	102
	221393
	1623
	117**5
	0
	0.687201
	0
	0
	0

	10/21
	It’s simple: Senator Heller is lying about his record of repeatedly opposing, attacking, and failing to stand up for protections for people with pre-existing conditions. #NVDebate https://t.co/W4NxiM08bq 
	130
	190
	36387
	597
	474**3
	0
	0.685605
	0
	0
	0

	10/10
	Hate, racism, misogyny and anti-semitism rages on when leaders don't condemn it, or in the worst cases, encourage it. I feel for the Scotch Plains-Fanwood students and community who saw this inflammatory attack. May the perpetrators be caught and held responsible ASAP. https://t.co/6sYRK61qhN 
	40
	80
	157623
	975
	186**4
	0
	0.626919
	0
	0
	0

	10/31
	The openly anti-#Israel rhetoric practiced by allies of @SenGillibrand is adding to an atmosphere of distrust & hate. I'm again calling on Gillibrand to renounce her ties to anti-Israel zealot Linda Sarsour. #FireGillibrand #Farley4NY #PutNYFirst https://t.co/w6BozBrfvJ 
	38
	63
	4377
	641
	959**0
	0
	0.603652
	0
	0
	0

	10/10
	Hypocrite @JonTester dresses the part of pretending to be a hunter BUT he hasn't had a hunting license since he was last up for re-election in 2012. #TwoFacedTester #DefeatTester #MAGA #mtsen #mtpol https://t.co/tWX1lYE3Y6 
	19
	53
	14085
	847
	137**0
	0
	0.566205
	0
	0
	0

	11/3
	We can be defined by our fears -- who and what they want us to be afraid of -- or we can be known for our ambitions. In this moment of smallness and paranoia, Texas is going to lead the way with our courage, confidence, strength, and experiences. https://t.co/4hAd7sXSrx 
	8527
	32146
	1050174
	739
	342**9
	0
	0
	0.869423
	0
	0

	10/31
	Read this. Our President can’t articulate a single comprehensible thought about economics. So scary. https://t.co/yUTB4m87Ha 
	1350
	3518
	712856
	184
	150**6
	0
	0
	0.857709
	0
	0

	10/20
	National Pundits are noticing our race. They continually point out that Democrats are nervous... a lot nervous. #ToxicBob 
https://t.co/JS6Ud7mM4b https://t.co/Miw3SOUjli 
	135
	366
	16652
	581
	949**0
	0
	0
	0.809478
	0
	0

	10/17
	The choice is clear:
→ Cruz wants to deport Dreamers, 200,000 in Texas 
→ Beto wants to free Dreamers from the fear of deportation
#TeamBeto #TexasDebate
	1055
	3111
	1050174
	739
	342**9
	0
	0
	0.76356
	0
	0.916964

	10/19
	There’s more than $17 million in outside dark money flowing into TN, but we’ve managed to keep this race neck & neck. Help us ensure that our positive message is able to break through all of the noise. Support our campaign at https://t.co/4OCNeuFBrv 
https://t.co/mtAf2vmIGR 
	199
	336
	31675
	125
	920**0
	0
	0
	0.753764
	0
	0.92999

	10/10
	The Trump administration has failed on climate change. This new report makes clear how serious a threat that failure is. For our kids, for our planet, for our future, we have to act before it’s too late. https://t.co/Ixgc4kLmH1 
	334
	848
	1288015
	518
	721**6
	0
	0
	0.736647
	0
	0.849827

	10/11
	Hurricane Michael has been upgraded to an extremely dangerous Category 4 storm. This is deadly serious - if you are on the coast, please heed the advice of all local officials. https://t.co/kSLoVsXe4y 
	154
	466
	352413
	100
	205**0
	0
	0
	0.686941
	0
	0.957479

	10/24
	Asian carp are a real threat to West Tennessees lakes and rivers, especially Kentucky Lake and Lake Barkley. From harming commercial fishing to threatening ecosystems, we need to find a solution to #CutTheCarp. I’d like to help. 
https://t.co/9LDNMJNuu5 
	49
	114
	31675
	125
	920**0
	0
	0
	0.62722
	0
	0

	10/10
	ICYMI: North Korea is a threat; a strong military is crucial to national security. #waelex #WAsen #Susan4Senate #WAsenDebate #CantwellCant
	4
	13
	1729
	19
	304**2
	0
	0
	0.597131
	0
	0

	10/11
	Carmela Apolonio Hernandez and her children face life-threatening danger in their home country, which is why I have pushed the Administration to treat them fairly and appropriately evaluate their asylum claim.
	99
	355
	404015
	579
	171**6
	0
	0
	0.532297
	0
	0

	11/4
	Heartbroken with the tragic news of Major Brent Taylors death by gunfire in Afghanistan; a father of 7 small children, a city mayor, and a proud member of the Army National Guard. Another unmeasurable price is paid for freedom. https://t.co/V7scNBDJ3X 
	1183
	5372
	1975759
	308
	500**1
	0
	0
	0
	0.926055
	0

	10/22
	A loss to all Floridians.
	138
	410
	352413
	100
	205**0
	0
	0
	0
	0.912367
	0.942582

	10/23
	Minnesota has lost a talented pioneer in the medical field. Sad to learn of Earl Bakkens passing. He was the founder of Medtronic and the inventor of the pacemaker, which has saved countless lives. https://t.co/MS4DZQIPxk 
	78
	322
	661673
	141420
	335**7
	0
	0
	0
	0.911542
	0

	10/9
	Bob was kind, committed, and a really nice guy. I will really miss him, and so will all his friends in the Democratic Party. My love to his family. I will treasure my very large “Button Bob” campaign button collection. https://t.co/sQuBVEVOGw 
	62
	299
	437122
	37
	161**2
	0
	0
	0
	0.877056
	0.79901

	10/30
	Nothing gets done in Washington without bipartisan support. Sadly, that's harder and harder to come by these days, but I remain committed to working with both parties to find solutions that help Hoosiers. Last week, the president signed my 50th legislative provision into law. https://t.co/heqkmcOulb 
	16
	38
	11240
	168
	259079896
	0
	0
	0
	0.873465
	0.808712

	10/10
	Our dairy farmers are hurting after years of low milk prices -- they need DC to do its job & pass the #FarmBill now. I was in #WNY w/ @SPECNewsBuffalo this week to tell @SenGillibrand
 & others to #PutNYFirst.
	10
	31
	4377
	641
	959**0
	0
	0
	0
	0.843544
	0

	10/12
	.@clairecmc talks candidly ... about writing off Missouri voters. Sad. #MOSen https://t.co/1omQlzh0hc 
	748
	1437
	27517
	1116
	235**1
	0
	0
	0
	0.818615
	0

	10/27
	Pharmacists see the impact of high prescription drug prices every day when customers are unable to afford the medication they need. We can fix this. We need to stand up to Big Pharma and demand that we get they same deals they give our peers in Europe. Let’s get things done. https://t.co/Z2aBoJYP7P 
	117
	180
	31675
	125
	920**0
	0
	0
	0
	0.782735
	0.775381

	10/21
	In the business world, when there is a problem you either fix it or you fail. In Washington, career politicians like @SenSherrodBrown have created a system that perpetuates problems, & creates go-nowhere gimmicks w/ the next election in mind. #OHSenDebate #OHSen
	13
	20
	10913
	779
	233**0
	0
	0
	0
	0.758794
	0

	10/25
	As a father & grandfather, I'm heartbroken that 7 NJ children are gone too soon. I'm praying for these families. If anyone is frightened, know that this outbreak is limited, and I urge you to check these #Adenovirus FAQs from the @NJDeptofHealth: https://t.co/ChLFfoS3oj  
	21
	36
	157623
	975
	186**4
	0
	0
	0
	0.643991
	0

	10/11
	"If Mexico Joe Donnelly voted against Justice Kavanaugh based on 'impartiality' and 'judicial temperament' like he said on Monday, Hoosiers deserve to know if Donnelly would join Senate Democrat Cory Booker in impeaching Kavanaugh," said Braun spokesman Josh Kelley. #INSen https://t.co/GW78Hf697g 
	44
	90
	17297
	30
	186**2
	0
	0
	0
	0
	0

	10/30
	"If some one with a gun marched into this room and started shooting, I'd hope a trained individual with a gun was here to help us." Sen. Brakey #debate #mepolitcs
	15
	116
	10728
	260
	926**4
	0
	0
	0
	0
	0

	10/31
	"I'm Mike Braun - lifelong Hoosier, job creator, and political outsider." #INSen #IBackBraun https://t.co/uRqwoeWO0Z 
	165
	501
	17297
	30
	186**2
	0
	0
	0
	0
	0

	10/21
	"He was greeted by a crowd of cheerful people inside the Veterans of Foreign Wars Post 12160 off U.S. State Highway 77, between two small rural communities — Sinton and Odem. Key topics of his visit were immigration, education and veterans." https://t.co/BeBZqMIXf0 
	1235
	3806
	1050174
	739
	342**9
	0
	0
	0
	0
	0

	10/11
	"I’ve been a life long gun owner. As Governor i had an “a” rating from the NRA." https://t.co/dVwoPmTkEu 
	25
	81
	31675
	125
	920**0
	0
	0
	0
	0
	0



[bookmark: _Toc85467253]Appendix III. Data Syntax

[bookmark: _Hlk81737370]# Data Collection by Tweepy
import tweepy
from tweepy import OAuthHandler
import sched, time
import json
import csv

# Twitter API
s = sched.scheduler(time.time, time.sleep)
consumer_key = ''
consumer_secret = ''
access_token_key = ''
access_token_secret = ''

auth = tweepy.OAuthHandler(consumer_key, consumer_secret)
auth.set_access_token(access_token_key, access_token_secret)
api = tweepy.API(auth)

candidates= ["kyrstensinema",   "ChrisMurphyCT",   "RosenforNevada",  "clairecmc",   "SenatorCarper",  "dbaria",  "PhilBredesen",    "SenatorMenendez", "SenatorBaldwin",  "JennyWilsonUT",  "SenWhitehouse",   "SenSherrodBrown", "SenBillNelson",   "JoeforIndiana",   "SenStabenow",  "SenatorTester",   "SenGillibrand",   "TinaSmithMN",  "SenFeinstein", "maziehirono",   "SenatorCantwell", "amyklobuchar",    "JaneRaybould",    "timkaine",        "kdeleon", "SenatorHeitkamp", "SenWarren",       "SenatorCardin",   "SenBobCasey",     "MartinHeinrich", "SenatorWicker",   "cindyhydesmith",  "SenatorFischer",  "SenDeanHeller",   "BetoORourke",   "tedcruz",         "SenJohnBarrasso", "SenRickScott",    "braun4indiana",   "HawleyMO",    "SenKevinCramer",  "Sen_JoeManchin",  "MarshaBlackburn",  "MittRomney",      
" MarthaMcSallyAZ ",  "MattCoreyCT",     "RobArlett",       "rcurtis808",      "RepGeoffDiehl",   "Campbell4MD",   "SenatorBrakey",   "JohnJamesMI",     "NewbergerJim",    "KarinHousley",    "MattForMontana", "BobHugin",     "MickRich4Senate", "CheleFarley",     "JimRenacci",      "RepLouBarletta",  "flanders4senate", "CoreyStewartVA",  "Susan4Senate",    "MorriseyWV",      "TraunerforWY",   "senorrinhatch",   "MikeEspyMS",
]

for person in candidates:
   
saveFile = open(person+".json",'a')    
count = 0
    
for tweet in tweepy.Cursor(api.user_timeline,
                                id=person,
                                tweet_mode='extended',
                                wait_on_rate_limit = True,
                                wait_on_rate_limit_notify = True).items():
        saveFile.write(json.dumps(tweet._json))
        saveFile.write("\n")
        count += 1
        print(person+" "+str(count ))
    
saveFile.close

print(person+" finished")


# Sample Results
# Data Collection by Tweepy

{"created_at": "Sun Oct 21 20:22:57 +0000 2018", "id": 1054105781472321536, "id_str": "1054105781472321536", "full_text": "It was great to be in Edison for their last night of Navratri. I was able to celebrate the occasion with some delicious fafda and jalebi. Thank you Kanubhai Patel for the warm welcome! https://t.co/Oqjlk0HQKv", "truncated": false, "display_text_range": [0, 184], "entities": {"hashtags": [], "symbols": [], "user_mentions": [], "urls": [], "media": [{"id": 1054105771452104704, "id_str": "1054105771452104704", "indices": [185, 208], "media_url": "http://pbs.twimg.com/media/DqDvnT8XgAAF7AD.jpg", "media_url_https": "https://pbs.twimg.com/media/DqDvnT8XgAAF7AD.jpg", "url": "https://t.co/Oqjlk0HQKv", "display_url": "pic.twitter.com/Oqjlk0HQKv", "expanded_url": "https://twitter.com/BobHugin/status/1054105781472321536/photo/1", "type": "photo", "sizes": {"medium": {"w": 1200, "h": 799, "resize": "fit"}, "thumb": {"w": 150, "h": 150, "resize": "crop"}, "small": {"w": 680, "h": 453, "resize": "fit"}, "large": {"w": 2048, "h": 1364, "resize": "fit"}}}]}, "extended_entities": {"media": [{"id": 1054105771452104704, "id_str": "1054105771452104704", "indices": [185, 208], "media_url": "http://pbs.twimg.com/media/DqDvnT8XgAAF7AD.jpg", "media_url_https": "https://pbs.twimg.com/media/DqDvnT8XgAAF7AD.jpg", "url": "https://t.co/Oqjlk0HQKv", "display_url": "pic.twitter.com/Oqjlk0HQKv", "expanded_url": "https://twitter.com/BobHugin/status/1054105781472321536/photo/1", "type": "photo", "sizes": {"medium": {"w": 1200, "h": 799, "resize": "fit"}, "thumb": {"w": 150, "h": 150, "resize": "crop"}, "small": {"w": 680, "h": 453, "resize": "fit"}, "large": {"w": 2048, "h": 1364, "resize": "fit"}}}, {"id": 1054105771464708096, "id_str": "1054105771464708096", "indices": [185, 208], "media_url": "http://pbs.twimg.com/media/DqDvnT_X0AAvps3.jpg", "media_url_https": "https://pbs.twimg.com/media/DqDvnT_X0AAvps3.jpg", "url": "https://t.co/Oqjlk0HQKv", "display_url": "pic.twitter.com/Oqjlk0HQKv", "expanded_url": "https://twitter.com/BobHugin/status/1054105781472321536/photo/1", "type": "photo", "sizes": {"medium": {"w": 1200, "h": 799, "resize": "fit"}, "thumb": {"w": 150, "h": 150, "resize": "crop"}, "large": {"w": 2048, "h": 1364, "resize": "fit"}, "small": {"w": 680, "h": 453, "resize": "fit"}}}, {"id": 1054105771447848967, "id_str": "1054105771447848967", "indices": [185, 208], "media_url": "http://pbs.twimg.com/media/DqDvnT7WkAc1z07.jpg", "media_url_https": "https://pbs.twimg.com/media/DqDvnT7WkAc1z07.jpg", "url": "https://t.co/Oqjlk0HQKv", "display_url": "pic.twitter.com/Oqjlk0HQKv", "expanded_url": "https://twitter.com/BobHugin/status/1054105781472321536/photo/1", "type": "photo", "sizes": {"thumb": {"w": 150, "h": 150, "resize": "crop"}, "medium": {"w": 1200, "h": 799, "resize": "fit"}, "large": {"w": 2048, "h": 1364, "resize": "fit"}, "small": {"w": 680, "h": 453, "resize": "fit"}}}, {"id": 1054105771439542272, "id_str": "1054105771439542272", "indices": [185, 208], "media_url": "http://pbs.twimg.com/media/DqDvnT5X0AAdJ40.jpg", "media_url_https": "https://pbs.twimg.com/media/DqDvnT5X0AAdJ40.jpg", "url": "https://t.co/Oqjlk0HQKv", "display_url": "pic.twitter.com/Oqjlk0HQKv", "expanded_url": "https://twitter.com/BobHugin/status/1054105781472321536/photo/1", "type": "photo", "sizes": {"thumb": {"w": 150, "h": 150, "resize": "crop"}, "small": {"w": 680, "h": 453, "resize": "fit"}, "medium": {"w": 1200, "h": 799, "resize": "fit"}, "large": {"w": 2048, "h": 1364, "resize": "fit"}}}]}, "source": "<a href=\"http://twitter.com/download/iphone\" rel=\"nofollow\">Twitter for iPhone</a>", "in_reply_to_status_id": null, "in_reply_to_status_id_str": null, "in_reply_to_user_id": null, "in_reply_to_user_id_str": null, "in_reply_to_screen_name": null, "user": {"id": 949089035556982786, "id_str": "949089035556982786", "name": "Bob Hugin", "screen_name": "BobHugin", "location": "New Jersey, USA", "description": "Husband | Father | Marine | Business Leader | Proud New Jerseyan running for US Senate b/c NJ deserves a Senator we can be proud of\ud83c\uddfa\ud83c\uddf8Tweets from Bob signed-BH", "url": "https://t.co/SgfNVS8fNE", "entities": {"url": {"urls": [{"url": "https://t.co/SgfNVS8fNE", "expanded_url": "https://bobhugin.com/", "display_url": "bobhugin.com", "indices": [0, 23]}]}, "description": {"urls": []}}, "protected": false, "followers_count": 16652, "friends_count": 581, "listed_count": 106, "created_at": "Fri Jan 05 01:23:54 +0000 2018", "favourites_count": 304, "utc_offset": null, "time_zone": null, "geo_enabled": true, "verified": true, "statuses_count": 1170, "lang": "en", "contributors_enabled": false, "is_translator": false, "is_translation_enabled": false, "profile_background_color": "F5F8FA", "profile_background_image_url": null, "profile_background_image_url_https": null, "profile_background_tile": false, "profile_image_url": "http://pbs.twimg.com/profile_images/963431594294996993/R4sqnPAH_normal.jpg", "profile_image_url_https": "https://pbs.twimg.com/profile_images/963431594294996993/R4sqnPAH_normal.jpg", "profile_banner_url": "https://pbs.twimg.com/profile_banners/949089035556982786/1536612354", "profile_link_color": "1DA1F2", "profile_sidebar_border_color": "C0DEED", "profile_sidebar_fill_color": "DDEEF6", "profile_text_color": "333333", "profile_use_background_image": true, "has_extended_profile": false, "default_profile": true, "default_profile_image": false, "following": false, "follow_request_sent": false, "notifications": false, "translator_type": "none"}, "geo": null, "coordinates": null, "place": null, "contributors": null, "is_quote_status": false, "retweet_count": 68, "favorite_count": 164, "favorited": false, "retweeted": false, "possibly_sensitive": false, "lang": "en"}

# "retweet_count": 68 represents a mixed count including both direct retweets and retweets with comments

[bookmark: _Hlk81737312]# Get Retweeters to a Particular Tweet
# Additional collection to search for retweeters that are directed at a particular tweet.

# E.g., taking the tweet ‘It was great to be in Edison for their…Thank you Kanubhai Patel for the 
# warm welcome! https://t.co/Oqjlk0HQKv’ as an example, the original counts 68 represent a 
# mixed value of retweets, inclding both direct retweets and retweets with additional comments. 

# To filter out the commented retweets from total retweets, here we extracted the number of 
# users who retweeted this particular tweet without an additional 
# comment and used this number (n = 49) as direct retweets in LMER.

import tweepy
import json
import sched, time

consumer_key = ''
consumer_secret = ''
access_token_key = ''
access_token_secret = ''

auth = tweepy.OAuthHandler(consumer_key, consumer_secret)
auth.set_access_token(access_token_key, access_token_secret)
api = tweepy.API(auth)

# search by tweet id
id = 1054105781472321536 

status = api.get_status(id)

retweets_list = api.retweets(id,100)

s = sched.scheduler(time.time, time.sleep)

def re_process(sc): 
    
print("Repeating ...")

count = 0

for retweet in retweets_list:
count+=1
print(retweet.user.screen_name)
print(count)

s.enter(60, 1, re_ process, (sc,))

s.enter(60, 1, re_ process, (s,))
s.run() 



# Sample Results
# Extracted users who directly retweeted the particular tweet (i.e., It was great to be in Edison 
# their…Thank you Kanubhai Patel for the warm welcome! https://t.co/Oqjlk0HQKv’
16skip
get_out_andVOTE
AZRed65
maryann_penza
VeraFozman
Bill_Weimer_
BillGuida
sharppb13
Goatman62
67sanmartin
JumboKev
HughGilmartinJr
JerseyGoods
BigRedMachine42
MJoemal19
oleanjanine
TheDonaldwin
DaisyL40
KMCaton
MadiaraJohn
ZorroPachy
matandsher
EileenStorm6
ppiaco52
zilgirl54
CAAACTIONORG
CAAUSORG
bbwatkins86
surfbag
jsftennis
ggary59
BruceSilver136
DocLouSocial
spartacus1978
Elgatoesme
r_P131
Tmozelesky
sunrise375151
NancyGe64436230
TruAmerican48
calling12001
Mananraval001
TTopczewski
schwingcat
blablajobs
KalV194
Liz88233601
USBornNRaised
PurrcysMom
49 # 49 = the number of users who retweeted this particular tweet without comments; we used this number as the counts of direct retweet in the following analysis


# Text Pre-processing
import string
from html.parser import HTMLParser
from nltk.tokenize import WordPunctTokenizer
from nltk.tokenize import word_tokenize
from bs4 import BeautifulSoup

# split and adhere specific words/phrases/terms
split_adhere_dic = {
"cause": "because", "could've": "could have", "he'd": "he would", "he'd've": "he would have", "he'll": "he will", "he'll've": "he will have", "he's": "he is", "how'd": "how did", "how'd'y": "how do you", "how'll": "how will", "how's": "how is", "I'd": "I would", "I'd've": "I would have", "I'll": "I will", "I'll've": "I will have","I'm": "I am", "I've": "I have",  "i'd": "i would", "i'd've": "i would have", "i'll": "i will", "i'll've": "i will have","i'm": "i am", "i've": "i have",
"it'd": "it would", "it'd've": "it would have", "it'll": "it will", "it'll've": "it will have","it's": "it is", 
"let's": "let us", "ma'am": "madam", "might've": "might have", "o'clock": "of the clock", "she'd": "she would", "she'd've": "she would
have", "she'll": "she will", "she'll've": "she will have", "she's": "she is", "should've": "should have", "so've": "so have","so's": "so as",  
"this's": "this is", "that'd": "that would", "that'd've": "that would have","that's": "that is", 
"there'd": "there would", "there'd've": "there would have","there's": "there is", "here's": "here is",
"they'd": "they would", "they'd've": "they would have", "they'll": "they will", "they'll've": "they will have", "they're": "they are",
"they've": "they have", "to've": "to have", "we'd": "we would", "we'd've": "we would have", "we'll": "we will", "we'll've": "we will 
have", "we're": "we are", "we've": "we have", "what'll": "what will", "what'll've": "what will have", "what're": "what are", "what's": 
"what is", "what've": "what  have", "when's": "when is", "when've": "when have", "where'd": "where did", "where's": "where is", 
"where've": "where have", "who'll": 
"who will", "who'll've": "who will have", "who's": "who is", "who've": "who have", "why's": "why is", "why've": "why have", "will've": 
"will have", "would've": "would have", "y'all": "you all", "y'all'd": "you all would", "y'all'd've": "you all would have", "y'all're": "you all 
are","y'all've": "you all have", "you'd": "you would", "you'd've": "you would have", "you'll": "you will", "you'll've": "you will have", 
"you're": "you are", "you've": "you have", "is not": "ain't", "are not": "aren't","cannot": "can't", "can not": "can't", "cannot have": 
"can't've", "could not": "couldn't", "could not have": "couldn't've","did not": "didn't", "does not": "doesn't", "do not": "don't", "had not": 
"hadn't", "had not have": "hadn't've", "has not": "hasn't", "have not": "haven't", "is not": "isn't", "may not": "mayn't", "might not": 
"mightn't","might not have": "mightn't've", "must have": "must've", "must not": "mustn't", "must not have": "mustn't've", 
"need not": "needn't", "need not have": "needn't've", "ought not": "oughtn't", "ought not have": "oughtn't've", "shall not": "shan't", "shall
not": "sha'n't", "shall not have": "shan't've", "should not": "shouldn't", "should not have": "shouldn't've", "was not": "wasn't", "were not": 
"weren't", "will not": "won't", "will not have": "won't've",  "would not": "wouldn't", "would not have": "wouldn't've"
}

# remove @-mention 
clean_pat1 = r'@[\w_]+' 
# remove URL/http/ftp/etc
clean_pat2 = r'http[s]?://(?:[a-z]|[0-9]|[$-_@.&amp;+]|[!*\(\),]|(?:%[0-9a-f][0-9a-f]))+' 
clean_pat3 = r'www.[^ ]+' # additions to URLs, texts with 'www..'
clean_pat4 = r'#' # remove hash-tags
combined_pat = r'|'.join((clean_pat1, clean_pat2, clean_pat3, clean_pat4))
split_adhere_pattern = re.compile(r'\b(' + '|'.join(split_adhere_dic.keys()) + r')\b')

def  tweet_cleaner(demo):
    # decoding the complex symbols to simple and human-readable characters by UTF-8
    soup = BeautifulSoup(demo, 'lxml') 
    souped = soup.get_text()
    stripped = re.sub(combined_pat, '', souped)
    split_handled = split_adhere_pattern.sub(lambda x: split_adhere_dic[x.group()], stripped)
    return split_handled


# IBM Tone Analyzer
from watson_developer_cloud import ToneAnalyzerV3
import json

# IBM Cloud API
tone_analyzer = ToneAnalyzerV3( 
version='',
 iam_apikey='', 
 url=''
)

text = clean_tweet

tone_analysis = tone_analyzer.tone(

{'text': text},
 'application/json').get_result()

print(json.dumps(tone_analysis, indent=4))


# Mixed-effects Model
require(dplyr)
require(foreign)
require(ggplot2)
require(MASS)
require(pastecs)
require(sandwich)
require(Matrix)
library(lme4)
require(lmtest)
library(car) #using Anova to get p-values
library(lattice) #for qqmath
library(lmerTest)

data <- read.csv('df.csv')

# Create dummy variables for tweets features
data[,"URL_count"]<-
  ifelse(data$URL_count > 0, 1, 0)
data[,"hashtags_count"]<-
  ifelse(data$hashtags_count > 0, 1, 0)
data[,"mention_count"]<-
  ifelse(data$mention_count > 0, 1, 0)
data[,"emoji_count"]<-
  ifelse(data$emoji_count > 0, 1, 0)

# Extract emotionally charged messages
colnames(data) <- c("RT", "FA", "FwCount", "FrCount", "ID", "EJ", "EA", "EF", "ES", "EC", "URL", "hashtags_count","mention_count", "emoji_count", "poli", "incum", " DatebyWeek ")

# Data normalisation
maxs <- apply(data, 2, max)
mins <- apply(data, 2, min)
data <- as.data.frame(scale(data, center = mins, scale = maxs - mins))

# Lmer for Democrats, apply same code to Republicans (data [which(data$poli == "R"), ])
data_D <- data [which(data$poli == "D"), ] 

which(is.infinite(log(data_D$RT)))
which(is.infinite(log(data_D$FA)))
which(is.na(log(data_D$RT)))
which(is.na(log(data_D$FA)))
data_D <- data_D [-c(5, 668, 669),] 
lmer_d.corssed <- lmer(log(RT) ~ EJ + EA + EF + ES + EC +
                hashtags_count + mention_count + emoji_count + URL +
                (1|UserID: Week) + (1|UserID),
                offset = c(FwCount + incum + FrCount),
                data = data_D, na.action = na.omit)

# Anova to get p-values
summary(lmer_d.corssed)
anova(lmer_d.corssed)
confint(lmer_d.corssed, oldNames=FALSE)
library(sjPlot)
plot <- sjPlot::plot_model(lmer_d.corssed,  axis.labels=c("http://", "emo", "@", "#", "EC", "ES",
   "EF", "EA", "EJ"),
   show.values = TRUE, value.offset = .3, value.size = 4,
                             show.p=TRUE,
                             title="a. Predicted Retweets", # apply same code to favorite counts
                             axis.title  = ""
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