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Appendix I: Additional Tables
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[bookmark: _Hlk124342392]The list of media accounts on Weibo

	
	Media account
	Follower
	Ownership

	1
	人民日报
	150354633 
	state-owned media

	2
	央视新闻
	129911779 
	state-owned media

	3
	新华社
	108303249 
	state-owned media

	4
	头条新闻
	103540855 
	other media

	5
	新华网
	95631533 
	state-owned media

	6
	新浪新闻
	85067632 
	other media

	7
	人民网
	83250240 
	state-owned media

	8
	中国新闻网
	76827824 
	state-owned media

	9
	中国日报
	64936035 
	state-owned media

	10
	中国新闻周刊
	61029426 
	state-owned media

	11
	每日经济新闻
	48127134 
	state-owned media

	12
	新京报
	46185051 
	state-owned media

	13
	财经网
	40395300 
	state-owned media

	14
	新闻晨报
	39679130 
	state-owned media

	15
	封面新闻
	32454883 
	state-owned media

	16
	环球时报
	30982635 
	state-owned media

	17
	澎湃新闻
	30882822 
	state-owned media

	18
	中国之声
	28390287 
	state-owned media

	19
	北京头条
	27289911 
	state-owned media

	20
	环球网
	26753025 
	state-owned media

	21
	Vista看天下
	25604451 
	other media

	22
	梨视频
	24783071 
	other media

	23
	胡锡进
	24758000 
	other media

	24
	参考消息
	24361847 
	state-owned media

	25
	三联生活周刊
	23471836 
	other media

	26
	凤凰周刊
	23019101 
	other media

	27
	第一财经日报
	21355346 
	state-owned media

	28
	极目新闻
	21274230 
	state-owned media

	29
	凤凰网
	21205016 
	other media

	30
	中国青年报
	20153441 
	state-owned media

	31
	半月谈
	19427476 
	state-owned media

	32
	观察者网
	18864481 
	other media

	33
	央视网
	17757435 
	state-owned media

	34
	中国新闻社
	17575271 
	state-owned media

	35
	南方周末
	17120411 
	state-owned media

	36
	红星新闻
	15457553 
	state-owned media

	37
	新京报我们视频
	15200505 
	other media

	38
	北京青年报
	14434940 
	state-owned media

	39
	界面新闻
	11130054 
	state-owned media

	40
	华商报
	11048180 
	state-owned media

	41
	侠客岛
	10125541 
	state-owned media

	42
	上游新闻
	8803634 
	state-owned media

	43
	搜狐视频
	8233864 
	other media

	44
	财新网
	8128245 
	other media

	45
	沸点视频
	8127736 
	other media

	46
	孤烟暮蝉
	6449000 
	other media

	47
	人民日报海外版-海外网
	6322085 
	state-owned media

	48
	大公報-大公網
	5652780 
	other media

	49
	小满
	3758000 
	other media

	50
	徐记观察
	3199000 
	other media

	51
	网易新闻
	3168035 
	other media

	52
	司马南
	3139000 
	other media

	53
	冬亚
	2849000 
	other media

	54
	胜利主义章北海
	2739000 
	other media

	55
	金灿荣教授
	2562000 
	other media

	56
	上帝之鹰_5zn
	2399000 
	other media

	57
	成都小直
	2260000 
	other media

	58
	哑巴
	2181000 
	other media

	59
	奏耐天津
	2131000 
	other media

	60
	凯雷
	2071000 
	other media

	61
	沈逸
	1857000 
	other media

	62
	无心简影
	1267000 
	other media

	63
	卢克文
	1202000 
	other media

	64
	深圳小天
	1073000 
	other media

	65
	拆台CT
	507000 
	other media

	66
	马上谈
	345000 
	other media







[bookmark: _Toc124341979]Table A2
[bookmark: _Hlk124342411]The list of terms about COVID-19 news 
	COVID-19 Terms

	奥密克戎(1), 白衣天使(1), 报备(1), 本土病例(1), 本土阳性(1),	变异(1),	并发症(1), 病毒(1), 病例(1), 病情(1), 不明原因肺炎(1), 采样(1), 层层加码(1), 常态化(1), 场所码(1), 陈时中(1), 出行轨迹(1), 初筛(1), 传染源(1), 次密接(1), 大白(1), 大众畜牧野味店(1), 带星(1),	弹窗(1), 德尔塔(1), 德特里克堡(1), 低风险(1), 第二针(1), 第三针(1), 第四针(1), 第一针(1), 动态清零(1), 毒株(1), 囤菜(1), 囤货(1), 囤积口罩(1), 发热患者(1), 返京(1), 返乡(1),  方舱(1), 防护服(1), 防控(1), 防疫(1), 防疫办(1), 防疫干部(1), 防疫工作者(1), 防疫物资(1), 防疫指挥部(1), 防疫志愿者(1), 防疫中心(1), 非必要(1), 肺炎(1), 肺炎疫情(1), 风险等级(1), 封城(1), 封控(1), 福奇(1),	复产(1), 复工(1), 复课(1), 赋码(1), 感染(1), 感染人数(1), 高风险(1), 高福(1), 隔离(1), 隔离酒店(1), 公民(1), 冠状肺炎(1), 管控(1), 管轶(1), 国药(1), 核酸(1), 核酸产业(1), 核酸检测(1),红码(1), 后遗症(1), 湖北卫健委(1), 华南野生市场(1), 黄码(1), 辉瑞(1), 混管(1), 混检(1), 活动轨迹(1), 火神山(1), 基础病(1), 疾控(1), 加强针(1), 检测(1), 健康宝(1), 接种(1), 结节(1), 解封(1), 进京(1), 静默(1), 静态管理(1), 境外输入(1), 居家办公(1), 居家隔离(1), 聚集(1), 捐赠物资(1), 抗疫(1), 抗原(1), 科兴(1), 口罩(1), 快筛(1), 扩散(1), 雷神山(1), 累计死亡数(1), 冷链(1), 离沪(1), 离京(1), 李兰娟(1), 李文亮(1), 连花清瘟(1), 联防联控(1),	流调(1), 落地检(1), 旅居史(1), 绿码(1), 密接(1), 莫德纳(1), 庞星火(1), 普筛(1), 气溶胶(1), 潜伏期(1), 抢购(1), 轻症(1), 清零(1), 全程接种(1), 全国疫情(1), 全员核酸(1), 劝返(1), 确诊(1), 染疫(1), 人工膜肺(1), 入户排查(1), 瑞德西韦(1), 三天两检(1), 扫码(1), 上海卫健委(1), 社会面(1), 涉疫(1), 时空伴随(1), 世卫(1), 舒红兵(1), 双黄连(1), 双盲测试(1), 谭德塞(1), 堂食(1), 躺平(1), 特效药(1), 外省人员(1), 外溢(1), 王延轶(1), 网课(1), 卫健委(1), 无症状(1), 吴尊友(1), 武汉病毒所(1), 武汉肺炎(1), 武汉卫健委(1), 消毒(1), 消毒液(1), 小区出入证(1), 协和医院(1), 新低(1), 新肺炎(1), 新冠(1), 新型冠状(1), 新型冠状病毒(1), 新型冠状病毒肺炎(1), 新增(1), 行程卡(1), 续降(1), 延迟开学(1), 阳性(1), 野味肺炎(1), 一刀切(1), 医护人员(1), 医疗资源(1), 疑似病例(1), 疫苗(1), 疫情(1), 疫情防控(1), 疫情防控(1), 阴性(1), 有序恢复(1), 远程(1), 摘星(1), 战疫(1), 张伯礼(1), 张文宏(1), 诊断(1), 征用(1), 支援上海(1), 只进不出(1), 指导方案(1), 致死率(1), 中风险(1), 中高风险(1), 钟南山(1), 重症(1), 转运(1), 自愈(1), 12345(1), 14+7(1), 24小时内(1), 48小时内(1), 7+3(1), 7+7(1), 72小时内(1), BA.5(1), BA2.76(1), Coronavirus(1), covid(1), covid−19(1), N95(1), omicron(1), Remdesivir(1), WHO(1), 撤离(0), 高中生(0), 关联(0), 过敏(0), 猴痘(0), 基层社区(0), 康复(0), 流感(0), 企业(0), 全国人大(0), 全域(0), 全员(0), 胜利(0), 输入(0), 数字(0), 外卖(0), 下跌(0), 研判(0), 战斗(0), 战争(0), 症状(0), 指挥官(0), 中医(0), C类产品(−1), mu5735(−1), 埃博拉(−1), 癌(−1), 癌症(−1), 保安(−1), 保险(−1), 暴雨(−1), 北约(−1), 比亚迪(−1), 毕加索(−1), 毕业生(−1), 博鳌(−1), 补课(−1), 补贴(−1), 采购(−1), 菜鸟(−1), 充电桩(−1), 虫卵(−1), 打火机(−1), 打印机(−1), 大麻(−1), 大选(−1), 代加工(−1), 导弹(−1),	倒塌(−1), 地震(−1), 邓亚萍(−1),	低保(−1), 迪士尼(−1), 吊牌(−1), 叮咬(−1), 东航(−1), 冬奥会(−1), 毒品(−1),	堕胎(−1), 俄军(−1), 俄乌战争(−1), 耳聋(−1), 飞行(−1), 凤凰(−1), 负债(−1), 腹泻(−1), 盖茨(−1), 高德(−1), 高考(−1), 高血压(−1), 公积金(−1), 功能衰竭(−1), 谷爱凌(−1), 股价(−1), 骨盆(−1), 故宫(−1), 国安法(−1), 国防(−1), 国民(−1), 海康(−1), 汉字(−1), 航天(−1), 核战争(−1), 盒马(−1), 黑客(−1), 恒大(−1), 红灯(−1), 虹口(−1), 互联网(−1), 护眼(−1), 花粉(−1), 环保(−1), 货车(−1) 基辅(−1), 基金(−1), 极右翼(−1), 急性(−1),	 家庭清洁(−1), 舰队(−1), 将军(−1), 角膜(−1), 剿灭(−1), 劫难(−1), 结核(−1), 金融(−1), 警方(−1), 痉挛(−1), 靖国神社(−1),救兵(−1), 捐献(−1), 军方(−1), 军工(−1), 军官(−1), 军火(−1), 军人(−1), 军事(−1), 军用(−1), 开盘(−1), 开心(−1), 孔子(−1), 口腔(−1), 快乐(−1), 老干妈(−1), 连任(−1) 炼油厂(−1),	烈士(−1), 邻居(−1), 楼盘(−1), 漏税(−1), 卢布(−1), 氯气(−1), 马里乌波尔(−1), 马斯克(−1), 蚂蚁(−1), 漫画(−1), 美股(−1), 梦想(−1), 灭火(−1), 民调(−1),民警(−1), 民营(−1), 蘑菇(−1), 能源(−1), 农夫山泉(−1), 女权(−1), 欧盟(−1), 疱疹(−1), 皮肤病(−1), 票房(−1), 平民(−1), 期货市场(−1), 前防长(−1), 前妻(−1), 枪击(−1), 侵略(−1), 亲俄(−1), 热敏(−1), 人道(−1), 人口(−1), 瑞幸(−1), 山姆(−1), 社保卡(−1),	 涉乌(−1), 石油(−1), 食品安全(−1), 食物中毒(−1), 收藏(−1), 收购(−1), 首付(−1), 司令(−1), 死难(−1), 酸菜(−1),	塔利班(−1), 胎记(−1), 台独(−1), 谈判(−1), 坦克(−1), 糖尿病(−1), 天路(−1), 天猫(−1), 天然气(−1), 铁矿石(−1), 听力(−1), 偷税(−1) 投资(−1), 外交(−1), 玩耍(−1), 网暴(−1), 网络安全(−1), 委员(−1), 卫国(−1), 卫星(−1), 胃癌(−1), 文化(−1), 蚊虫(−1), 乌军(−1), 五四(−1), 武装(−1), 物资(−1), 吸毒(−1),	膝关节(−1), 袭击(−1),下药(−1), 献血(−1), 消防(−1), 消瘦(−1), 小龙虾(−1), 哮喘(−1), 信息安全(−1), 行长(−1), 性骚扰(−1), 悬崖(−1), 选举(−1), 学籍(−1), 亚速(−1),	沿海(−1), 眼疲劳(−1), 央行(−1),	野生(−1), 移植(−1), 遗产(−1), 英寸(−1), 营销(−1), 宇航员(−1), 阅兵(−1), 晕车(−1), 运动损伤(−1),	噪声(−1), 泽连斯基(−1), 诈骗(−1), 战机(−1), 战况(−1), 战事(−1), 蟑螂(−1), 阵亡(−1), 政客(−1), 知网(−1), 制裁(−1), 质检(−1), 智能运输(−1), 滞胀(−1), 中暑(−1), 肿瘤(−1), 周小川(−1), 猪心脏(−1), 住建局(−1), 转发(−1), 追击(−1), 总统大选(−1), 作战(−1), HIV(−10), HPV(−10), 艾滋病(−10), 不明原因肝炎(−10), 胆结石(−10),	 胆囊炎(−10), 痘痘(−10), 二手烟(−10), 防晒(−10), 肝炎(−10), 谷粒多(−10), 骨折(−10), 猴痘(−10), 霍乱(−10), 计算机病毒(−10), 甲状腺(−10), 近视(−10), 口腔溃疡(−10), 颅内(−10), 卵巢癌(−10), 诺如(−10), 蜱虫(−10), 器官捐献(−10), 禽流感(−10), 乳腺癌(−10), 天花(−10), 胃癌(−10), 眼弓蛔虫(−10), 幽门螺杆菌(−10), 疣(−10), 致癌物(−10)



Note. We created a dictionary based on Shen (2020) to identify COVID-19-related news. Shen et al. (2020) developed a 167-word list through close observation of Weibo posts, which is a key step for content analysis (Lacy et al., 2015). Besides general epidemic terms, it also contains terms related to specific locations, drugs, and preventive measures. We updated this keyword list because it was developed in early 2020. We added a few keywords for capturing new issues emerged these days and new policies that were rolled out since 2021.
We calculated the frequencies and scores of keywords to identify topics in texts. If the final score is greater than zero, we classify it as COVID-19-related news. If not, the post will be classified as unrelated news. For general terms related to COVID-19 like “lockdown” (封城), “high risk” (高风险), and “nucleic acid” (核酸), we assigned a value of 1. While for terms signaling different topics like “Aids” (艾滋病) and “hepatitis” (肝炎), we weighted them as −10 to mark their unrelatedness. This approach can help us identify COVID-19-related news more accurately. 


[bookmark: _Toc124341980]Table A3
[bookmark: _Hlk124342542]The list of terms about Location-based uncivil name calling
	阿三
	黄鹅
	三哥

	昂撒驴
	黄尸
	塔绿班

	昂撒人
	黄丝
	台巴子

	昂撒猪
	五十万
	台毒

	白皮猪
	西八
	台独

	棒子
	香蕉人
	台狗

	臭港
	小日本
	台蛙

	臭蛆
	洋大人
	太君

	呆蛙
	洋鬼子
	蛙民

	灯塔国
	洋垃圾
	蛙蛙

	敌对势力
	假洋鬼子
	外国狗

	二鬼子
	贱畜
	外国猪

	反思怪
	精韩
	网军

	粉红
	精美
	倭寇

	冈本
	精日
	乌贼

	港灿
	精苏
	五毛

	港毒
	精外
	洋奴

	港独
	精乌
	渔村

	高华
	井蛙
	曱甴

	革命小将
	境外势力
	支那

	公知
	垃圾外国人
	支蛆

	鬼岛
	乱港分子
	殖人

	鬼佬
	绿蛙
	走狗

	鬼子
	买办
	1450

	跪族
	卖国贼
	50w

	韩狗
	毛子
	little pink

	汉奸
	美爹
	

	耗材
	美分
	

	黑鬼
	美狗
	

	恨国党
	美国爹
	

	红犬
	美国舔狗
	

	红卫兵
	慕羊犬
	

	皇俄
	慕洋犬
	

	皇军
	尼哥
	

	黄俄
	漂亮国
	


[bookmark: _Toc124341981]Note. We generated the list by referring to Wikipedia and researchers’ observations. Besides, we also checked the top 1,000 words with highest frequencies to make sure that we did not miss important terms. 



Table A4 
[bookmark: _Hlk124342565]Generalized linear mixed-effects models predicting incivility (Robustness check 1)
	
	Model 1
	Model 2

	Intercept
	−5.013***
(0.200)
	−5.125***
(0.202)

	Treatment
	0.286**
(0.104)
	0.450***
(0.110)

	Time
	−0.021**
(0.008)
	−0.020**
(0.008)

	State-owned media
	−0.659*
(0.310)
	−0.655*
(0.310)

	Audience size
	−0.548**
(0.175)
	−0.694***
(0.178)

	[bookmark: _Hlk120720872]Treatment × Audience size
	
	0.273***
(0.061)

	σ2
	3.29
	3.29

	τ002 (media account)
	0.71
	0.70

	N (level 1)
	162887
	162887

	N (level 2)
	66
	66

	AIC
	14742.8
	14724.5

	BIC
	14802.8
	14794.5


[bookmark: _Hlk123160954][bookmark: _Hlk123134509]Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. The model added media ownership (State-owned media = 1) into the baseline model to test the robustness of the effect of audience size, which supported that media ownership would not affect the significance of predictors.
* p < .05, ** p < .01, *** p < .001. 


[bookmark: _Toc124341982]Table A5 
Fixed effects models predicting incivility (Robustness check 2)
	
	Model 1
	Model 2

	Treatment
	0.292**
(0.105)
	0.454***
(0.111)

	Time
	−0.021**
(0.008)
	−0.020**
(0.008)

	Treatment × Audience size
	
	0.272***
(0.061)

	Account effect
	Yes
	Yes

	N (level 1)
	162887
	162887

	N (level 2)
	66
	66

	AIC
	14672.1
	14653.9

	BIC
	15352.2
	15344.0


[bookmark: _Hlk124339512]Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. We used Least Square Dummy Variable (LSDV) to estimate fixed effects, which excludes time-invariant unobserved differences between media accounts, to test whether our conclusions were still same. All the dummy variables are omitted. * p < .05, ** p < .01, *** p < .001.  


[bookmark: _Toc124341983]Table A6 
Generalized linear mixed-effects models predicting incivility (Robustness check 3)
	[bookmark: _Hlk121235349]
	Model 1
	Model 2

	Intercept
	−5.627***
(0.175)
	−5.664***
(0.145)

	Treatment
	0.292**
(0.103)
	0.455***
(0.110)

	Time
	−0.021**
(0.008)
	−0.020**
(0.008)

	Time2
	−0.001
(0.001)
	−0.001
(0.001)

	Audience size
	
	−0.924***
(0.147)

	Treatment × Audience size
	
	0.274***
(0.061)

	σ2
	3.29
	3.29

	τ00 (media account)
	1.35
	0.76

	N (level 1)
	162887
	162887

	N (level 2)
	66
	66

	AIC
	14767.0
	14727.8

	BIC
	14817.0
	14797.8


[bookmark: _Hlk123134960]Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. The model added another item Time2 into the baseline model to test the potential nonlinear effect of time trend, which supported that this effect is not significant. * p < .05, ** p < .01, *** p < .001.




[bookmark: _Toc124341984]Table A7 
Generalized linear mixed-effects models predicting incivility (Robustness check 4)
	
	Model 1
	Model 2

	Intercept
	−5.421***
(0.178)
	−5.441***
(0.154)

	Treatment
	0.328**
(0.124)
	0.444***
(0.130)

	Time
	−0.027*
(0.013)
	−0.026**
(0.013)

	Audience size
	
	−0.815***
(0.149)

	Treatment × Audience size
	
	0.215**
(0.070)

	σ2
	3.29
	3.29

	τ00 (media account)
	1.23
	0.74

	N (level 1)
	117078
	117078

	N (level 2)
	66
	66

	AIC
	10210.5
	10186.6

	BIC
	10249.2
	10244.7


Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. We adjusted the time window observed (from 25 days to 17 days) to re-estimate the treatment effect, which supported that bandwidth adjustment would not influence the results. * p < .05, ** p < .01, *** p < .001.


[bookmark: _Toc124341985]Table A8 
Generalized linear mixed-effects models predicting incivility (Robustness check 5)
	
	Model 1
	Model 2

	Intercept
	−5.474***
(0.182)
	−5.540***
(0.154)

	Treatment
	0.618**
(0.217)
	0.809***
(0.221)

	Time
	−0.009
(0.010)
	−0.006
(0.010)

	Treatment × Time
	−0.026
(0.015)
	−0.028
(0.015)

	Audience size
	
	−0.927***
(0.147)

	Treatment × Audience size
	
	0.276***
(0.061)

	σ2
	3.29
	3.29

	τ00 (media account)
	1.36
	0.76

	N (level 1)
	162887
	162887

	N (level 2)
	66
	66

	AIC
	14764.9
	14725.4

	BIC
	14814.9
	14795.4


Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. The model added another interaction item Treatment × Time into the baseline model, which supported that its effect would not influence the results. * p < .05, ** p < .01, *** p < .001.


[bookmark: _Toc124341986]Table A9 
Generalized linear mixed-effects models predicting incivility (Placebo test)
	[bookmark: _Hlk124951174]
	Model 1
	Model 2

	Intercept
	−5.479***
(0.199)
	−5.555***
(0.168)

	Treatment
	−0.012
(0.152)
	0.231
(0.171)

	Time
	−0.007
(0.023)
	−0.006
(0.023)

	Audience size
	
	−1.067***
(0.149)

	Treatment × Audience size
	
	0.283**
(0.090)

	σ2
	3.29
	3.29

	τ00 (media account)
	1.37
	0.60

	N (level 1)
	83560
	83560

	N (level 2)
	66
	66

	AIC
	8036.0
	8000.6

	BIC
	8073.3
	8056.6


Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. We selected April 22 as a pseudo intervention to construct a placebo test. * p < .05, ** p < .01, *** p < .001.


[bookmark: _Toc124341987]Table A10 
[bookmark: _Hlk124342632]Generalized linear mixed-effects models predicting incivility (Removing part of posts)
	
	Model 1
	Model 2

	Intercept
	−5.160***
(0.166)
	−5.276***
(0.145)

	Treatment
	0.273**
(0.104)
	0.430***
(0.111)

	Time
	−0.021**
(0.008)
	−0.019*
(0.008)

	Audience size
	
	−0.791***
(0.145)

	Treatment × Audience size
	
	0.261***
(0.061)

	σ2
	3.29
	3.29

	τ00 (media account)
	1.09
	0.68

	N (level 1)
	147916
	147916

	N (level 2)
	61
	61

	AIC
	14562.560
	14530.938

	BIC
	14602.177
	14590.365


Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. To eliminate the interference of censorship of news posts, we removed all the posts selectively displaying their comments.
* p < .05, ** p < .01, *** p < .001.

[bookmark: _Hlk124326803][bookmark: _Toc124341988]Appendix II: Validation of our Name-Calling Dictionary
We conducted several validations of our name-calling dictionary, using manual coding and an existed NLP tool respectively. 
First, we randomly selected 200 uncivil comments (geo-incivility = 1 from dictionary output) and 200 civil comments (geo-incivility = 0 from dictionary output), which together constituted a testing set. We recruited two graduate students in social sciences who were familiar with online political discussions on Weibo and allowed them to code independently the location-based incivility of these 400 comments. Although there were many types of online incivility, we especially asked them to notice uncivil terms based on ideological differences between home and abroad: all comments containing such uncivil expressions (whether for stigmatization, satire, or other reasons) should be coded as 1. We later compared the results of manual coding and automatic coding (output from our dictionary) and calculated the intercoder reliability (in total, we had three “coders”: two human coders and one machine coder). The results showed Krippendorff’s α = 0.9, which supported the validity of the name-calling dictionary we compiled.
Second, we used Perspective API, an NLP tool, to detect toxic languages in our comments. While Perspective API cannot measure what we investigated (location-based incivility), the output should associate with what we attempt to measure. We have gathered output from Perspective API regarding the toxicity value. Location-related uncivil posts indeed have a higher level of toxicity (uncivil posts: M = .24; other posts: M = .12; Wilcoxon rank sum test: W = 162609461, p < .001, est. difference = .09). Thus, we have more confidence in the quality of our dictionary.

[bookmark: _Toc124341989]Appendix III: Additional Mechanism Test
[bookmark: _Hlk124340490]We conducted a mechanism test to provide further support for the proposed mechanism discussed in the main text. Whereas commenters did not strictly follow a replying structure, the second-level comments could largely be seen as replies to the corresponding first-level comments. We analyzed post-treatment second-level comments (N = 30,199) and categorized them into four groups according to the relationship of geolocations of this second-level comment and its first-level comment: (1) both overseas areas[footnoteRef:1] (N = 120); (2) between overseas and China (N = 1,177); (3) the same provinces in China (N = 10,908); and (4) between different provinces in China (N = 17,994).  [1:  They are too rare so that we do not have sufficient power to draw any reliable conclusion on this group. ] 

A fixed effects model was conducted to test the relationship between comment type and incivility, whereas the “between different provinces in China” group was seen as the baseline group in this model. We show the results in Table A11. The results indicate that the second-level comments belonging to the “between overseas and China” group showed the highest incivility level, even significantly higher than comments belonging to the “between different provinces” group (b = 0.823, se = 0.233, p < .001). This supported that the mechanism we highlighted—the extrapolated ideological positions from geolocation—is the key mechanism that accounts for the rise of incivility. 




[bookmark: _Toc124341990]

Table A11 
[bookmark: _Hlk124342654]Fixed effects models predicting incivility (LSDV)
	
	Model 1

	Same provinces in China
	−0.274
(0.184)

	Between oversea and China
	0.823***
(0.233)

	Both oversea areas
	0.774
(0.671)

	Post FE
	Yes

	N 
	30,219

	AIC
	8255.69

	BIC
	34792.76



Note. Unstandardized coefficients with standard errors in parentheses. AIC = Akaike Information Criterion. BIC = Bayesian Information Criterion. The baseline level was “between different provinces in China”. We used Least Square Dummy Variable (LSDV) to estimate fixed effects, which excludes time-invariant unobserved differences between news posts. All the three independent variables are dummy variables. * p < .05, ** p < .01, *** p < .001.

















Appendix IV: Additional Information and Tests of Alternative Mechanisms
We provide more details to discuss our decision in determining the news topic of our research and how we tested an alternative mechanism—group-level self-selection bias.
COVID-19 Topic and Its Context
We chose the COVID-19 pandemic as our news topic. As our natural experiment design was contingent on a few contextual conditions, we provided more information about this topic here. 
First, in the observed period, the COVID-19 pandemic (Omicron) was still an ongoing and significant event in China. The measures implemented by the Chinese government to control the outbreak remained stable, and we did not observe any major changes during our study period. To provide some empirical evidence on this point, we employed two data sources to demonstrate that both attention and engagement toward the COVID-19 issue were stable during that period. 
Regarding attention, we first collected daily trending topics on Weibo from April 16 to May 10, resulting in a dataset of 9,540 trending topics. We then calculated the proportion of COVID-19-related topics among all the trending topics in each day. A Mann-Kendall test indicated that there was no significant upward or downward trend during the 25-day period (p = .98). Furthermore, there was no significant difference in periods before and after the IP location policy change (p = .42). These findings suggest that Weibo users’ overall attention toward the COVID-19 issue remained stable throughout the study period.
We also examined news engagement with the COVID-19 topic during this period. If the engagement with the pandemic topic were to confound the growth of uncivil discourse, then individuals should engage more in online discussions, resulting in a clear increase in the number of comments on posts covering COVID-19-related topics. However, there was no significant trend in the average daily number of comments on posts related to COVID news (p = .18). This suggests that the changes in the COVID-19 pandemic itself were unlikely to significantly affect the attitudes and behaviors of Weibo users. Our findings may not be explained by the change of the pandemic situation. 
Additionally, it is worth noting that the display of IP location on Weibo was directly triggered by the dissemination of misinformation (according to Weibo’s official statement), and the level of incivility decreased over time (Figure 3). Therefore, it is less likely that the change of policy was due to the rise of incivility in COVID-19 news comments.
Furthermore, the effect of IP location typically applies to major events that are socially controversial and widely discussed while maintaining stable and high public attention. During the study period, apart from the COVID-19 pandemic and the Russia–Ukraine conflict, there were no other topics that allowed us to conduct the study.
Possible Selection Bias 
Another possible alternative mechanism is that uncivil people might have been more likely to engage in intergroup conflicts after the IP policy change. We tested this possibility by looking at uncivil posts and their authors in the pretreatment period and those published in the after-treatment period. We marked whether the commentor was only commenting during one period (pre-only or post-only). If the proposed mechanism worked (the IP location motivated users to comment), the fraction of commentors that only commented during one period should be larger for the posttreatment period than the pretreatment period. However, we did not see this pattern. The fraction of pre-only commentors of uncivil posts published in the pretreatment period (.60) was even slightly higher than that for those uncivil posts that appeared in the posttreatment period (.55). This finding showcased that group-level dynamics (or self-selection bias) cannot explain the pattern we characterized here. 

